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Abstract
A Parameter-Efficient Deep Dense Residual Convolutional Neural Network for
Volumetric Brain Tissue Segmentation from Magnetic Resonance Images
Ramesh Basnet
Brain tissue segmentation is a common medical image processing problem that deals with
identifying a region of interest in the human brain from medical scans. It is a fundamental
step towards neuroscience research and clinical diagnosis. Magnetic resonance (MR) images
are widely used for segmentation in view of their non-invasive acquisition, and high spatial
resolution and various contrast information. Accurate segmentation of brain tissues from
MR images is very challenging due to the presence of motion artifacts, low signal-to-
noise ratio, intensity overlaps, and intra- and inter-subject variability. Convolutional neural
networks (CNNs) recently employed for segmentation provide remarkable advantages over
the traditional and manual segmentation methods, however, their complex architectures
and the large number of parameters make them computationally expensive and difficult to
optimize. In this thesis, a novel learning-based algorithm using a three-dimensional deep
convolutional neural network is proposed for efficient parameter reduction and compact
feature representation to learn end-to-end mapping of T1-weighted (T1w) and/or T2-weighted
(T2w) brain MR images to the probability scores of each voxel belonging to the different
labels of brain tissues, namely, white matter (WM), gray matter (GM) and cerebrospinal
fluid (CSF) for segmentation. The basic idea in the proposed method is to use densely
connected convolutional layers and residual skip-connections to increase representation
capacity, facilitate better gradient flow, improve learning, and significantly reduce the number
of parameters in the network. The network is independently trained on three different loss
functions, cross-entropy, dice similarity, and a combination of the two and the results are
compared with each other to investigate better loss function for the training. The model has
the number of network parameters reduced by a significant amount compared to that of the
state-of-the-art methods in brain tissue segmentation. Experiments are performed using the
single-modality IBSR18 dataset containing high-resolution T1-weighted MR scans of diverse
iv
age groups, and the multi-modality iSeg-2017 dataset containing T1w and T2w MR scans
of infants. It is shown that the proposed method provides the best performance on the test
sets of both datasets amongst all the existing deep-learning based methods for brain tissue
segmentation using the MR images and achieves competitive performance in the iSeg-2017
challenge with the number of parameters that is 47% to 98% lower than that of the other
deep-learning based architectures.
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1.1 Brain Tissue Segmentation
Brain tissue segmentation is an important part of brain image analysis, clinical diagnosis,
and neuroscience research. The structural information obtained from the segmentation
is substantially used for anatomical analysis, pathological studies, abnormality detection,
surgical planning, and image-guided interventions. It has also been used in reparative
surgery, radiotherapy, stereotactic neurosurgery, and the study of the correlation between
brain anatomy and function [1]. Magnetic resonance imaging (MRI) is profoundly used to
obtain the structural information due to its high-resolution, fast non-invasive acquisition and
diverse contrast modalities.
Magnetic resonance imaging is a medical imaging technology that is used to produce
volumetric scans of anatomical regions of the human body using magnetic fields. It is mainly
effective in the areas having high proton or hydrogen density for instance, the regions rich in
water molecules. A hydrogen atom has a single proton in the nucleus that possess a magnetic
moment. The magnetic moments of the large number of hydrogen atoms in a tissue are
typically randomly oriented. When a strong magnetic field is passed through the protons, they
align with the applied field and precess around the axis that lie along the direction of the field.
The frequency at which the protons precess corresponds to the applied magnetic field that is
referred to as resonance frequency. When a radio frequency (RF) pulse with the resonance
1
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frequency is passed through the protons, they transit to higher energy state losing their
equilibrium and alter their alignment relative to the applied magnetic field. At the removal
of the RF pulse, the excited protons gradually release energy and realign with the applied
field. Depending upon the type of tissue i.e. their chemical property or hydrogen density,
the amount and rate at which the energy is released differ that distinguishes them from each
other and forms the basis of MRI. Although the final MR scans are three-dimensional (3D),
during acquisition they are obtained as two-dimensional (2D) slices at fixed intervals over a
region of interest.
Usually in an MRI scanner there are three primary components, namely, a primary
magnet, a group of three gradient coils and an RF coil. The primary magnet produces the
main magnetic field that is applied to the subject. The applied field strength typically ranges
from 1.5 to 7 Tesla. The gradient coils produce gradient magnetic fields in three-dimensional
space to deform the original magnetic field as a function of position that enables the tracking
of the position of the 2D slices in a 3D volume. The RF coil produces the resonance
frequency that excites the protons. With the application of the RF pulse, the net longitudinal
magnetization of protons parallel in direction to that of the main magnetic field moves to the
transverse plane and undergoes 90 degrees phase shift. When the RF pulse is stopped, the net
magnetization returns to its initial stage—the process referred to as T1 relaxation. The phase
of the transverse component also decays, termed as T2 relaxation. Also, the inhomogeneity
in the main magnetic field leads to a faster decay of transverse magnetization, the process
called T2* relaxation. The T1 and T2 relaxation times are the foundations of acquisition of
the T1w and T2w images that provide contrasting features for tissue distinction. For example,
in the case of brain tissues, in T1-weighted images, the cerebrospinal fluid has the darkest
intensities and the white matter the brightest, whereas in T2-weighted images, cerebrospinal
fluid has the brightest intensities and the white matter the darkest.
Unlike most of the imaging technologies that use harmful ionizing radiations, MRI
utilizes magnetic field, which is considered safe for use on living beings, to produce three
dimensional anatomical and physiological images of various regions of the body. Its different
modalities such as T1-weighted (T1w), T2-weighted (T2w), T1-weighted contrast-enhanced
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(T1C), T1-weighted inversion recovery (T1-IR), and T2-weighted fluid-attenuated inversion
recovery (FLAIR) provide various contrast information that helps in distinguishing various
types of tissue. It has been widely used in the detection of neurodegenerative disorders such
as Parkinson’s or Alzheimer’s diseases, schizophrenia and epilepsy [2–6]. Segmentation
of brain tissues into the three labels, white matter (WM), gray matter (GM), and cere-
brospinal fluid (CSF) from MR scans provide structural information that assist physiological
research, neurological diseases identification and lesion morphometry quantification [4, 7].
For example, gray matter segmentation has been used to study aging by estimating cortical
thickness [8] and white matter segmentation from functional MR images has been used to
project brain activation maps [9]. Accurate segmentation of these tissues is very sensitive and
critical, thus challenging. Although MR images have superior resolution compared to that
of many other imaging modalities, in the case of brain tissues, the distribution of intensity
in the MR scans is inhomogeneous and largely overlapping. Several artifacts such as subtle
movements of the subject during data acquisition, low signal to noise ratio, and presence of
more than one tissue in a voxel referred to as partial volume effects further add difficulty
to the segmentation task [10]. Manual segmentation of brain tissue from the MR scans is
obsolete because of the requirement of a significant amount of human expertise and time
to process the large amount of volumetric data. Every subject and voxel need to be treated
independently, thus making the process irreproducible. Moreover, manual segmentation,
being prone to error due to human lethargy and inter- and intra-observer variability, is not
reliable. Thus, an automatic, reliable, fast, accurate, and reproducible method for segmenta-
tion of brain tissue is actively pursued. There are several existing brain tissue segmentation
methods in the literature that can be broadly grouped into classical, atlas-based, and deep
learning-based methods.
Classical method
Image segmentation methods based on intensity, hand-crafted features, boundary detec-
tion, region growing, traditional machine learning approaches, or pixel classification can
be grouped under the classical method. In these methods, first-order features, namely, indi-
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vidual pixel or voxel intensity, and second-order features, namely, the statistically extracted
information from the intensities to accommodate local spatial intensity dependence have
been abundantly used for medical image segmentation in literature [11–15]. The most basic
methods of segmentation perform intensity thresholding on individual pixels. In intensity
thresholding methods, the threshold intensity derived from the histogram is individually
compared to all the pixels of the input to classify them into different groups. Although
this method is fast and efficient, it fails to consider the spatial information of images, is
highly dependent on the selection of the threshold [16], and is sensitive to noise and intensity
inhomogeneities. Some methods that consider the neighborhood information and are less
sensitive to noise than the thresholding methods are region-growing method and clustering.
The region growing method groups together the neighboring pixels in a region that have
similar properties. A set of initial seed points are selected and the adjacent pixels to the
seed points are compared with the seed points based on a similarity criterion, such as the
minimum difference between the intensities to classify the adjacent pixels. This method,
however, requires manual selection of seed points, is sensitive to the selection of seed points
and intensity inhomogeneity, and is affected by noise [17]. Clustering is an unsupervised
learning method similar to the region growing method but does not require initial seeds for
grouping similar pixels together for classification. This method randomly initializes the initial
points. Some popular clustering methods used in image segmentation are k-Means, Fuzzy
C-Means (FCM), and expectation-maximization (EM). These methods can also address the
intensity inhomogeneity by using iterative correction schemes [18]. Clustering has been
popularly used in the segmentation of brain tissues into white matter (WM), gray matter
(GM), and cerebrospinal fluid (CSF) [14]. Some statistical and handcrafted feature models
such as the Gaussian Mixture Model (GMM) and Support Vector Machine (SVM) have also
been applied to the segmentation tasks [19–22]. GMMs model intensity of each tissue to
a certain probability distribution, whereas SVMs use spatial and intensity features of the
tissues to train the models for classification. These methods represent the data in terms of
predefined features which can fail to capture the latent details for distinguishing different
types of tissues. All the classical methods rely upon hand-designed features, require extensive
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human intervention such as feature extraction, selection or preprocessing, fail to capture
inherent information from the input images, are difficult to generalize, or are susceptible to
noise, intensity overlaps or inhomogeneities.
Atlas-based method
An atlas is a representative statistical or probabilistic model of an expected anatomical
structure or tissue at each pixel or voxel normally constructed by sampling from a population
of subjects followed by identification of anatomy or tissue of the sample by segmentation and
projection of segmentation to a spatial system [23]. In atlas-based methods, segmentation
is done by matching a target image or volume to single or multiple atlases. It is usually
performed in three steps—registration where the target image is aligned to single or multiple
atlases by transformation or mapping, label propagation where the labels from the atlas are
transferred to the target image, and segmentation where the transferred labels are finally
identified [24, 25, 13]. Thus, the segmentation task is mainly a registration problem. Except
for the construction of atlas, the method is automatic and does not require significant human
effort. The registration is usually done is two steps—global and local. Global registration is a
simple affine or rigid transformation performed initially to align the target to the atlas. Local
registrations follow the global registration. In local registration, non-rigid transformations
such as non-linear or free-form grid deformations are applied. Local registration allows
a better mapping using complex optimizations at a high computational expense. The use
of a single atlas for segmentation is often insufficient to register a broad range of targets
and complex deformations may be required to align the targets that are difficult to fit in
an atlas. Methods based on the multiple atlas register the target to multiple atlases and
based on strategies such as majority voting, weighted voting, expectation maximization,
and probabilistic models, combine the registrations to obtain a more accurate and robust
segmentation [26]. However, all the atlas-based methods require a priori information, depend
largely on the quality of registration, and are subject to errors due to anatomical variability
among the targets, tissue deformation due to diseases, etc.
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Deep learning method
Deep learning methods, in particular, the Convolutional Neural Networks (CNNs) have been
prominently used in the various fields including pattern recognition [27], image classifica-
tion [28], object detection [29], super-resolution [30], and segmentation [31]. Convolutional
neural networks (CNNs) have also been used in the field of medical image segmentation
[32] and have shown remarkable improvement in the performance. Compared to other image
segmentation approaches, CNNs can learn to abstract relevant features from an image or
volumetric scan at different levels without the need for intense preprocessing, extraction of
hand-designed features, complex registration, and significant human effort. Different convo-
lutional architectures having 2D, 2.5D and 3D frameworks with various numbers of layers
have been employed for medical image analysis including single-modality or multi-modality
brain tissue segmentation [32–34]. So far, the deep learning methods are the preferred
and state-of-the-art algorithms for brain tissue segmentation. We discuss the deep learning
methods used for brain tissue segmentation in Section 1.2.
1.2 Related Works
With the enormous success of convolutional neural networks in image classification and
pattern recognition, its application for biological tissue segmentation is currently a promi-
nently researched area of medical image analysis [35]. Initially, two-dimensional CNNs with
several layers were used for medical image segmentation of MR images. Zhang et al. [36]
utilized multi-modality MR images, namely, T1-weighted (T1w), T2-weighted (T2w), and
fractional anisotropy (FA) images to segment infant brain tissues into white matter (WM),
gray matter (GM), and cerebrospinal fluid (CSF). The segmentation performance of CNN
compared to that of the traditional methods such as random forest (RF), support vector
machine (SVM), coupled level sets (CLS), and majority voting (MV) was significantly better
in their experiment. They also concluded that using multi-modal data had advantages over
using single-modal data as input in a two-dimensional CNN, and that the T1w images had
the most discriminating information for segmenting brain tissues into WM, GM, and CSF.
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Nie et al. [37] utilized three pathways of a two-dimensional fully convolutional network
(FCN) for the three modalities (T1w, T2w, and FA) and combined the feature maps from
higher layers of the networks for final segmentation of the brain MR images. In a fully
convolutional network [31], the last fully connected layer of the CNN architecture is replaced
with a fully convolutional layer that offers better localization performance and pixel-wise
predictions of a full-image in a single forward pass. Nie et al. showed that the fusion at
higher-level representations of different modalities complemented each other and enhanced
the segmentation performance compared to that of the low-level fusion at input. The standard
two-dimensional CNNs that use a single slice of the image from three-dimensional MR scans
were improved further to utilize the spatial information from 3D planes. Prasoon et al. [38]
integrated triplanar 2D CNNs associated with XY, YZ, and ZX planes of 3D MR image for
tibial cartilage segmentation from low field knee MR scans. Moeskops et al. [39] also used a
single trained instance of 25-layer deep triplanar CNN architecture for the segmentation of
six brain tissues in brain MR images, pectoral muscle segmentation in breast MR images,
and coronary artery segmentation in cardiac CT angiography (CTA). The use of 3×3 kernels
in the convolutional layer of their architecture allowed the structural feasibility of the deeper
architecture. The triplanar approach provided superior performance over the 2D approaches
and computational efficiency over 3D approaches, however, the use of only three orthogonal
planes from the multiple planes is not the best utilization of the available volumetric medical
data [40] and can be problematic for CNNs on anisotropic 3D data [41]. A “3D-like” FCN
was proposed by Xu et al. [42] to segment volumetric neonatal or adult brain MR images.
They stacked three successive 2D slices of brain MR images like a set of 2D color images
(R, G, B) accounting for the 3D information to segment the middle slice. Urban et al. [43]
introduced one of the first three-dimensional convolutional neural networks for the segmen-
tation of medical images. They utilized a 3D-CNN for brain tumor segmentation using
multi-modality MR images. Kamnitsas et al. [40] proposed an 11-layered double-pathway
3D CNN to segment ischemic stroke lesions in the brain using multi-modality MR images.
The two parallel paths processed image at multiple scales, instead of a single large-sized
3D input patch, that provided advantages in terms of memory requirement and computation.
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Although both pathways had the same sized receptive fields, the input to the second pathway
was a patch from a subsampled version of the input image to capture the larger area around a
voxel. The architecture was also fully convolutional in nature enabling it to segment larger
image (multiple voxels) efficiently in one forward pass. Dolz et al. [44] utilized a 3D fully
convolutional network architecture with small kernels to segment subcortical brain using MR
images. After the success of U-Net [45] architecture in medical image segmentation, several
architectures based on it have been proposed for improving the segmentation performance.
Based on FCN, the 23 layered U-Net utilizes contracting and expanding paths to capture
local and contextual information with skip connections to transfer high-resolution features at
different stages between the contracting and expanding paths. Çiçek et al. [46] replaced all
2D operations of U-Net architecture with their 3D counterparts for biomedical volumetric
image segmentation. Milletari et al. proposed V-Net [47], a 3D FCN architecture based
on U-Net for segmentation of MR prostate volumes. They utilized residual learning [48]
at different stages to improve performance in terms of accuracy and computational time.
He et al. [48] reported that increasing the depth of the network to increase the learning
capacity subjects the network to a “degradation problem”, in that the network performance
first gets saturated and then degrades rapidly. To mitigate the degradation problem in the
deeper CNN architectures, they introduced residual network (ResNet). VoxResNet [49]
also utilized residual networks in a 3D CNN to segment brain MR images. The 25 layered
network used multimodality images (T1w, T1-IR, and FLAIR) for segmentation. Wang et al.
proposed RP-Net [50] that utilized recursive residual blocks and a pyramid pooling module
to segment the brain tissues from volumetric MR images into WM, GM, and CSF. Huang
et al. proposed DenseNet [51] that had dense connections to reduce the vanishing-gradient
problem, build up feature propagation, encourage feature reuse, and reduce the number
of parameters in CNNs. Yu et al. utilized the dense connections in a fully convolutional
network, DenseVoxNet [52] to segment the cardiac and vascular structures from 3D cardiac
MR images. Bui et al. proposed a skip-connected 3D DenseNet [53] utilizing the advantages
of DenseNet, Dolz et al. proposed HyperDenseNet [54] extending dense connectivity to
occur between layers of the same path as well as across different paths of multiple modalities,
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and Hashemi et. al. [55] used DenseNet with balanced similarity loss functions for infant
brain tissue segmentation using volumetric multi-modal brain MR images.
1.3 Motivation
The state-of-the-art deep convolutional neural network architectures used for brain tissue
segmentation utilize contracting path to capture contextual information using progressive
downsampling layers, expanding path to enable localization through progressive upsampling
layers, and skip connections from the contracting path to expanding path to transfer high-
resolution information. Depending on the method of combining the contextual features at
different scales in the contracting path, these architectures can be grouped into two categories.
The architectures in the first category, such as 3D U-Net [46] and 3D-FC DenseNet [55],
utilize progressive deconvolution layers gradually upscaling feature maps with a consistent
upscaling factor. The feature maps from the contracting path and the expanding path are
concatenated via skip-connections. This approach generates large numbers of feature maps at
each layer and large numbers of parameters to be learned requiring complex optimization and
a large amount of memory. The architectures in the second category, such as VoxResNet [49],
3D-SkipDenseNet [53] and RP-Net [50], upsample feature maps from the contracting path
at different scales and concatenate them in the expanding path. This approach can decrease
the localization precision thus limiting the representational capacity of the network models.
Furthermore, the large-size deconvolution kernels used for multi-scale upsampling also
result in large number of parameters. Both the categories have large numbers of parameters
that increase memory requirement and computational complexity, and require complex
optimization of the parameters.
1.4 Objective
In this thesis, we propose a parameter-efficient three-dimensional deep convolutional neural
network for volumetric segmentation of T1w and/or T2w brain MR images into white matter
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(WM), gray matter (GM), and cerebrospinal fluid (CSF). The proposed architecture is based
on cost-effective use of connections between layers and selection of suitable number and
size of kernels to reduce memory requirement, computational complexity, and simplify
optimization. The objective of this thesis is to design a novel three-dimensional deep
convolutional neural network architecture with reduced number of parameters for compact
representation, increased performance, and easier optimization to segment brain tissue from
volumetric T1w and/or T2w MR scans into white matter (WM), gray matter (GM), and
cerebrospinal fluid (CSF).
The dense connections, popularly used for condensed representation, is employed in
the contracting path and residual connectivity between the contracting and expanding paths
of the proposed network to facilitate an improved information flow without increasing the
number of parameters in the network. As a result, the network facilitates easier optimiza-
tion, decreased overfitting, improved gradient flow, enhanced representation capacity, and
improved performance with a significantly reduced number of parameters.
The proposed method is evaluated utilizing the single-modality and multi-modality
datasets containing volumetric brain MR scans of a wide range of age groups—from 6-months
old infants to 71 years old adults. For optimization of the proposed network architecture, three
different loss functions, namely, cross-entropy loss, dice similarity loss, and a combination
of the two are investigated.
1.5 Organization of the Thesis
The thesis is organized as follows.
Chapter 2 presents an overview of different components of CNN used in segmentation.
The different layers of CNN, the popular connections between the layers, namely, dense
and residual connections, and the methods of training and optimizing the CNNs are dis-
cussed. Existing deep-learning based methods used for the brain tissue segmentation are also
described in this chapter.
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Chapter 3 presents the proposed deep convolutional neural network architecture for
volumetric brain tissue segmentation. It provides a detailed description of the network and
discusses the utilization of dense and residual connections along with the typical layers of
CNN in the proposed network.
Chapter 4 describes the experimental setup for the volumetric brain tissue segmentation
using MR images. The datasets used in the experiments are presented. For single-modality
brain tissue segmentation, the IBSR18 dataset containing high-resolution T1-weighted MR
scans of diverse age groups is utilized. For multi-modality brain tissue segmentation, the iSeg-
2017 dataset containing T1w and T2w MR scans of 6-months old infant brains is utilized.
The data preprocessing, hyperparameter setup, and the loss function used for the training
are presented. Then, the metrics that are used to evaluate the segmentation performance
are discussed. Finally, the segmentation performance of the network is presented and a
comparison with that of the existing methods of brain tissue segmentation is shown.
Chapter 5 provides the concluding remarks on the problem of segmentation undertaken
for investigation in this thesis and suggests possible future work resulting from the scheme
proposed in this thesis.
Chapter 2
CNN for Brain Tissue Segmentation
2.1 Introduction
Machine learning is a special subfield of artificial intelligence that aims to provide computers
the decision-making capability through inference or by learning patterns from data without
explicit instructions or programming. Some early machine learning algorithms have been
existing since the 1940s, for example, the model based on biological learning theories by
McCulloch and Pitts in 1943 [56], perceptrons in 1958 [57], and systems outperforming
humans in tasks like chess-playing in 1997 [58]. Deep learning is an aspect of machine
learning that has come to prominence since the last decade, however, the key concepts
of deep learning are not new. Back-propagation, an algorithm used to train almost all
the present-day deep learning architectures was introduced in 1986 for Artificial Neural
Networks (ANNs) which was inspired by the biological neural networks [59]. Convolutional
Neural Network (CNN) is a special class of feed-forward deep artificial neural network
that has a series of trainable layers performing convolution operations between the input
and the output. A modern convolutional neural network showed impressive performance
in recognizing handwritten digits in 1989 [27]. It was in 2012, with the availability of a
large dataset and advanced computational resources, when a convolutional neural network
showed remarkable performance in ImageNet Large Scale Visual Recognition Challenge
outperforming the then best performing methods by a significant margin that accelerated the
12
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research in deep learning [28]. Today, convolutional neural networks have applications in
diverse fields including computer vision, speech recognition, natural language processing,
machine translation, bioinformatics, and medical image analysis.
2.2 CNN Architecture Overview
The basic layers in a convolutional neural network are convolution, pooling, non-linear acti-
vation, and fully connected layers. However, recently many layers and connections have been
proposed such as batch normalization, dropout, residual connections, and dense connections
that enhance the performance of CNNs. The convolutional neural networks such as fully
convolutional neural networks used in segmentation tasks that maintain spatial resolution
at output employ upsampling layers in the latter part of the network architecture instead
of fully-connected layers that are employed in the standard CNNs used for classification
or regression. The components of CNNs that are used for segmentation are described as
follows.
Convolutional layer
The convolutional layer is the foundational block of a CNN. Although colloquially referred
to as convolution, this layer mathematically performs sliding dot product or cross-correlation
operation. The sliding operation in a typical convolutional layer is shown in Figure 2.1. The
operation is done using a kernel or filter. A kernel is a tensor of learnable values called weights
that is slid across and elementwise multiplied to the corresponding elements of an input map.
The results of applying a different kernel on each of the input maps are elementwise added
together often with a bias term to obtain an output feature map. The process is repeated until
a desired number of output feature maps is obtained. In a convolution layer, the number of
kernels equals to the number of input maps times the number of required output feature maps.
A kernel, usually much smaller in size than the input, has few parameters and can be shared
multiple times in a network, thus increasing computational efficiency and reducing memory
requirements. It also offers equivariance to translation meaning a change in input results in a
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Fig. 2.1 Convolution operation on a 5×5 input using a kernel of size 3×3 with unit padding
and unit strides (i.e., nl−1 = 5, kl = 3, sl = 1 and pl = 1) [60].
change in output in the same way [58]. Let X l−1 ∈ RHl−1×Wl−1×Dl−1 be the input of lth layer,
W l ∈ RM×N×K be the kernel corresponding to the input layer, bl ∈ R be the bias term, and
X l ∈ RHl×Wl×Dl be the output of lth layer. Then, the convolutional operation is defined as:
X l =W l ∗X l−1 +bl (2.1)
where ∗ represents the sliding dot-product operation. The size of the output can be changed
using the parameters of a convolutional layer such as stride and padding. The padding
indicates the number of pixels or voxels added to the border of input layer symmetrically
whereas stride denotes the steps that the kernel takes while sliding across the input. For
example, if Nl−1×Nl−1×Nl−1 be the size of input, Kl ×Kl ×Kl be the size of kernel,
Pl×Pl×Pl be the size of padding, and Sl×Sl×Sl be the size of stride, then size of output






Initialization and update of weights in the kernels are crucial in a CNN especially in case
of deep architectures. Large or small weights might subject a network to exploding and
vanishing gradient problems. As data flows through a CNN, it gets multiplied by weights
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at each layer and if the weights are small or large, the output will continue getting smaller
or larger, respectively, as they move forward through many layers. The similar phenomena
happens to the gradients at the backward pass that are correspondingly referred to as exploding
and vanishing gradients. Furthermore, large weights might lead the network to an oscillation
around minima, or to saturation, for instance, when the network uses sigmoid or tanh
activation functions. In the case of small weights, the network will cease to learn as the
output and the gradient at every layer diminishes as they move forward and backward through
the network, respectively. During the training, the network is also subjected to internal
covariate shift [59] where the distribution of input at each layer changes due to the change in
network weights. Batch normalization (BN) helps to alleviate these problems of vanishing
and exploding gradients, and internal covariate shift by normalizing the input to the layers of
the CNN. BN allows each layer of the network to learn more independently of other layers.
It reduces the dependence of the network on careful weight initialization and facilitates
training at higher learning rates. It also adds a regularization effect and reduces overfitting.
Mathematically, if x1...m be the input over the mini-batch B of size m at layer l−1, µB and σB
be the mean and the standard deviation of the input data, respectively, then, batch normalized





where γ and β are learnable parameters corresponding to scale and shift, respectively, and ε
is a smoothing term that avoids division by zero. At the training, µB and σB are calculated

















At the testing, an empirical mean and standard deviation over training mini-batches represen-
tative of a population is used that can be estimated during training using moving averages.
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This makes the output during testing deterministic. The batch normalization algorithm is
presented in Algorithm 2.1.
Algorithm 2.1 Batch Normalizing Transform
Input: Mini-batch B = {x1...n}, where n is the number of the input
Output: {yi = BNγ,β (xi)}; γ and β are parameters to be learned
Calculate the mini-batch mean: µB← 1n ∑
n
i=1 xi





Scale and Shift: yi← γ x̂i +β ≡ BNγ,β (xi)
Activation layer
The activation layer usually follows the convolutional or batch normalization layer in a CNN
architecture. It is a differentiable non-linear function that enables the network model to learn
complex mappings between input and output. Non-linearity assures that the output of a layer
or layers in a CNN is not merely a linear combination of inputs. The popular activation
functions are shown in Figure 2.2. The sigmoid and tanh activations used in the literature have
saturation regions where the gradients used in updating the weights for learning approach to
zero. This phenomenon leads to a problem called vanishing gradient. The rectified linear
unit (ReLU) [61] does not have a saturation region thus is resistant to vanishing gradient
problem. Furthermore, ReLU offers faster training of the network compared to the saturating
nolinearities [28]. ReLU function maps all the negative inputs to zero and transmits the rest
as it is. Therefore, it allows the activation of layers in neural networks to contain one or
more true zero values that is called representational sparsity [62]. Mathematically, a ReLU
function is given as
X l = max(0,X l−1) (2.6)
where X l−1 and X l are the input and output layers to the ReLU, respectively, and 0 is a
zero-matrix having the same dimensions as that of input and output.
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(a) Sigmoid (b) Tanh (c) ReLU
Fig. 2.2 Activation functions.
Pooling layer
Pooling is a non-linear downsampling method that is used to reduce the spatial dimension of
feature maps. It reduces the number of parameters of the network, computational expense,
and helps to capture scale-invariant contextual information in the subsequent layers of the
network. Usually in pooling, non-overlapping and adjacent square or cubic patches of the
input are selected and the maximum (max pooling) or average (average pooling) value of
the patch is passed on to the next layer. Max pooling is efficient in capturing important
features like edges whereas average pooling extracts the smoothened features. The pooling
layer also alleviates noise and clutters in CNNs [63]. Downsampling can also achieved by
changing the stride of the convolution in the convolutional layer. For instance, to downsample
a three-dimensional feature map by 2, a convolutional layer with kernel size of 2×2×2 and
stride of 2 can be used. Although using convolutional layer for downsampling increases the
number of parameters in a network, it can enhance representation capacity and performance
of the network [64].
Residual connection
Deeper CNN architectures enhance ability of the network to learn but as the layers increase,
the network starts suffering from a “degradation problem” [48]. On increasing the number of
stacked layers in a CNN, the ability of the network to learn intricacies of the data and the
accuracy also increases until saturation. After that, the performance of the network starts
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Fig. 2.3 A residual connection between two layers of a convolutional neural network [48].
degrading rapidly leading to higher training error which is called the degradation problem.
A residual network was proposed to address this issue in deep architectures. In a residual
network, the input to a set of layers is added to the output such that the layers learn a residual
mapping between the input and the output. The skip connections that add input to the output
as shown in Figure 2.3, commonly referred to as residual connections facilitate information
and gradient flow in the network. The input data or the data from earlier layers of the
network can be used in the later layers to enable feature propagation. The residual network is
computationally efficient as it does not increase the number of parameters of the network and
facilitates the design of deeper CNN architectures. Mathematically, a residual connection
sums the output of a layer with a skip connection to the output of some previous layer as
y = F(x)+ x (2.7)
where x is the input to a combination of layers, y the output, and F represents the residual
mapping to be learned.
Dense connection
Densely connected convolutional network (DenseNet) was proposed to facilitate information
and gradient flow between layers of the network, to boost the representational capacity of the
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network, and to allow the design of compact network architectures [51]. It enhances feature
propagation, reduces feature redundancy, improves gradient flow alleviating the problem of
vanishing gradient, and opens a pathway for the efficient and compact architecture design
with a smaller number of parameters through feature reuse. In a dense block, an input to a
layer is the concatenation of outputs of all the preceding layers through direct connections
as shown in Figure 2.4. The collective information from preceding layers increases the
variation and complexity in the feature maps of the subsequent layers. As the feature maps
can be reused, the network can be deep and condensed, i.e. the layers of the network can
have a reduced number of output channels making it easy to train and parameter efficient.
Mathematically, dense connections between the layers of a network is defined as
X l = Hl([X 0,X 1, . . . ,X l−1]) (2.8)
where X l is the output of the lth layer, [X 0,X 1, . . . ,X l−1] represents the concatenation output
feature maps of all preceding layers and Hl is the lth layer transition. To address the increment
in the number of feature maps due to concatenation, a group of densely connected layers
is usually followed by a transitional layer. A transitional layer is typically a convolutional
layer having kernels of unit size. The convolutional layer is usually preceded by a BN-ReLU
(batch normalization followed by rectified linear unit) also known as preactivation unit. The
transitional layer also referred to as the bottleneck layer [58], reduces the number of input
feature maps thus controlling the increase in number of parameters due to concatenation.
Upsampling layer
CNN architectures that learn pixel to pixel or voxel to voxel mapping such as segmentation
of a full image require layers to upscale the low-resolution feature maps to high-resolution. A
network can either use interpolation-based upsampling operations such as nearest neighbor, bi-
linear or bi-cubic upsamping or transposed convolution operation to upscale the feature maps
to a higher resolution. The interpolation-based methods involve mathematical calculations
rather than learning. Transposed convolution, also known as fractionally-strided convolution
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Fig. 2.4 Dense connections between 5 layers of a convolutional neural network [51].
or deconvolution, is a learning-based method to upsample feature maps. It has learnable
parameters that can make it an optimal method of upsampling in CNNs. Mathematically, a
transposed convolutional layer is similar to a convolutional layer in operation except that each
of the element in the input map is padded with a number of zeros specified by a stride before
a kernel is applied as shown in Figure 2.5. The output size of the transposed convolutional
layer can be calculated as
Nl =
Nl−1 ·Sl if padding = sameNl−1 ·Sl +max(Kl−Sl,0) else (2.9)
where Nl−1×Nl−1×Nl−1 is the size of the input, Kl ×Kl ×Kl is the size of the kernel,
Sl×Sl×Sl is the stride, and Nl×Nl×Nl is the size of upsampled output feature map.
Dropout
Deep networks that have a large number of parameters has the problem of overfitting [65].
The dropout layer addresses this issue by randomly dropping out or freezing a portion of
nodes in a layer during the training. This adds regularization to the network. Moreover,
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Fig. 2.5 The transpose convolution operation on a 6×6 input using a kernel of size 3×3
with 1×1 zero padding on the border with 2×2 strides (i.e., nl−1 = 6, kl = 3, sl = 2 and
pl = 1). It is equivalent to convolution on a 2×2 input using a kernel of size 3×3 kernel
(with 1 zero inserted between inputs) zero padded 1×1 on the border (with an additional
border of size 1 added to the bottom and right edges) using unit strides [60].
Fig. 2.6 Dropout in a neural network. Crossed units indicate the dropped neurons. [65].
the dropped out units do not participate in the forward and the backward propogation, thus
reducing computational complexity during the training. Figure 2.6 illustrates the dropout
scheme. A dropout rate, p is a hyperparameter ranging from 0 to 1 that indicates the fraction
of nodes that are frozen. During the testing, the dropout is disabled taking all the units of the
network into account, and reducing each activation by the factor p.
2.3 Training of CNN
For the CNN architecture to learn the end-to-end mapping from input to the output, the
parameters of the network need to be optimized through the training. Training is the process
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of updating the parameters of CNN to minimize a criterion that measures how far the obtained
outcome is from the expected one. A training process consists of two parts—the forward pass
and the backward pass. In the forward pass, the input is passed through the network to obtain
a predicted output and the loss is calculated using the obtained output and the expected output
or the ground truth. In a backward pass, the gradient of the loss is calculated with respect to
the parameters, and through backpropagation algorithm, the parameters are updated such
that the loss is reduced. The weights of the network can be updated from gradients using
different weight update strategies known as optimization algorithms. Usually, a mini-batch
of inputs, which is a collection of multiple inputs, is passed through the network and the
average loss of all the inputs in the mini-batch is considered for optimization.
2.3.1 Loss function
In a convolutional neural network, a loss function is a criterion that is maximized or mini-
mized to obtain the optimum network parameters. The gradients of the loss function with
respect to the network parameters are used to update the parameters. The choice of the loss
function depends on the task the CNN model is designed to accomplish. For segmentation,
the popularly used loss functions are cross-entropy loss and dice similarity loss [47].
Cross entropy loss
Cross entropy loss, also called log-loss or softmax loss, measures the difference between a
set of predicted probabilities and a set of true or expected probabilities. In a segmentation
problem, each of the pixels or voxels in the input data is classified as one of the segmentation
labels. The output of segmentation of each voxel is a set of values that is equal in the number
to that of the segmentation labels. A softmax function converts the set of output values to a
categorical probability distribution consisting of probabilities for all labels that sum to one.







for i = 1, . . . ,M and z = (z1, . . . ,zM) ∈ RM (2.10)
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The set of probabilities in the categorical distribution gives the likelihoods that a given voxel
belongs to the labels. The ground truth probability distribution has probability of 1 for the
correct label and 0 for the others. The minimum value of the cross-entropy loss is 0 that is in
the case when the output prediction completely matches the expected prediction. From the










Yb,c · log(Ŷb,c) (2.11)
where M and N represent the total numbers of labels of segmentation and mini-batch size,
respectively, Yb,c is the flattened ground truth and has a value of 1 if the patch b belongs to
the label c and 0 otherwise, and Ŷb,c is the flattened predicated probability of the patch b
belonging to the label c and has a value between 0 and 1.
Dice similarity loss
The dice similarity coefficient (DSC) measures the degree of overlap between two sets of
regions, namely, the predicted and the ground truth regions. DSC ranges from 0 to 1, where
1 means the predicted segmentation perfectly matches the ground truth. Dice similarity
loss [47], simply referred to as dice loss, is measured as 1 - DSC or a negative of DSC.










2 ·Yb,c · Ŷb,c
Yb,c + Ŷb,c
(2.12)
where M and N represent the total numbers of labels of segmentation and mini-batch size,
respectively, Yb,c is the flattened ground truth and has a value of 1 if the patch b belongs to
the label c and 0 otherwise, and Ŷb,c is the flattened predicated probability of the patch b
belonging to the label c and has a value between 0 and 1.
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2.3.2 Backpropagation
Backpropagation, often called backprop, is the most widely used algorithm in supervised
learning for training the feedforward neural networks. Although it was first introduced in
1960s, it was popularized by Rumelhart, Hinton, and Williams in 1986 [59]. Backpropagation
is used to calculate gradient of the loss function with respect to all the learnable parameters
of a network model using a simple and computationally inexpensive method of calculus
called the chain rule. The chain rule computes the derivative of a function composed of other
functions by using the already known derivatives of the composing functions. The gradient
of the loss with respect to the parameters of the last layer is calculated first, then the gradients
of the parameters of the prior layers are calculated using the already calculated gradient from
the subsequent layers and so on. Finally, the calculated gradients of the loss with respect to
all the parameters are used to update the parameters using an optimization algorithm. The
backpropagation algorithm is described in Algorithm 2.2.
Algorithm 2.2 Backpropagation Algorithm
Input: Mini-batch dataset B = {x1...M,y1...M}, where M is the mini-batch size
Output: Weights wl , l = 1 . . .L, where L is the number of layers
Forward propagate B to calculate xl at each layer and the loss ℓ
for l = L, . . . ,1 do
Calculate the derivative of the loss w.r.t to the weights of the layer l: ∂ℓ
∂wl ;
Calculate the derivative of the loss w.r.t to the input of the layer l: ∂ℓ
∂xl ;
Update the weights of the layer l, wl using an optimization algorithm;
end for
2.3.3 Optimization algorithm
The gradients of the loss with respect to the network parameters computed from the backprop
algorithm is used to adjust the parameters of the network model using an optimization
algorithm. An optimization algorithm iteratively updates the learnable network parameters
to minimize or maximize the value of loss function such that the predicted and the actual
output values are closer to each other. Most of the optimization algorithms that minimize the
loss are based on the gradient descent method. If L(ω) is the objective or loss function at an
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iteration η , then the parameter ω is updated using a gradient descent method as follows
ω(η +1) = ω(η)− dL(η)
dω(η)
(2.13)
Gradient descent is based on the idea that if we want to update the parameters to minimize
loss, we move down in the direction of the negative gradient towards the optimal parameters.
If the loss function needs to be maximized, the process is called gradient ascent, where the
steps of update are taken towards the direction of the positive gradient. The most common
optimization algorithms that are used in training or updating the parameters of a CNN model
to minimize the loss are described below.
Stochastic gradient descent
Stochastic gradient descent (SGD) [27] is one of the basic optimization algorithms to update
the parameters in a network. Mathematically, SGD is given as
ω(η +1) = ω(η)−λ dL(η)
dω(η)
(2.14)
where λ is the learning rate. Learning rate is a hyperparameter that controls the factor
by which the parameters of the network are updated with respect to the gradient of the
loss. In other words, it is the step-size of the parameter update. Standard SGD updates
parameters using single training data at a time, which is fast but requires frequent updates
for optimization and fluctuates quite heavily. Using entire training dataset to compute the
loss and update the parameters, known as batch gradient descent, is slow, intractable, and
requires significant memory in case of large datasets. Thus, usually a mini-batch gradient
descent method is used where a sample of training data called the mini-batch is employed to
calculate an average loss for the optimization.
Momentum
Stochastic gradient descent with momentum [66], commonly referred to as momentum,
is one of the first sophisticated algorithms based on the SGD algorithm. It calculates the
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running sum of the previous gradients and updates the parameter in the direction between the
present and the accumulated previous gradient steps. Since the update step doesn’t depend
only on the current gradient of the loss function but also on the gradient built up over time,
the parameter update becomes resistant to off shooting and oscillations of the gradients that
leads to an accelerated and stable convergence. Mathematically, parameter update using
momentum is done as
∆ω(η +1) = α∆ω(η)−λ dL(η)
dω(η)
(2.15)
ω(η +1) = ω(η)+∆ω(η +1) (2.16)
where λ is a hyperparameter called learning rate, and α is another hyperparameter called
momentum set between 0 and 1 that determines the contribution of pervious accumulated
gradients and current gradient to the weight update.
Nesterov momentum
Nesterov momentum [67] uses Nesterov accelerated gradient method to update the network
parameters. Instead of evaluating the gradient at the current position like the standard
momentum, this method takes the momentum step first and then calculates the gradient at
the new estimated position as shown in Figure 2.7. Mathematically, the parameter update
using Nesterov momentum is done as
∆ω(η +1) = α∆ω(η)−λ dL(η)
d(ω(η)+α∆ω(η))
(2.17)
ω(η +1) = ω(η)+∆ω(η +1) (2.18)
where λ and α are hyperparamters called learning rate and momentum respectively. In this
method, even if the momentum update leads to an overshoot, the gradient update afterwards
will redirect it towards the correct direction.
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Fig. 2.7 Top: Momentum method, bottom: Nesterov accelerated gradient. where µ is the
momentum parameter, same as α in our case [68].
AdaGrad
AdaGrad (adaptive gradient algorithm) [69] stores the running sum of the squared gradients
during optimization and divides the learning rate by the square root of the accumulated
squared gradients at every iteration. Mathematically, AdaGrad is given as










where λ is a hyperparameter called learning rate, g is an accumulation variable initially set
to zero i.e. g(0) = 0, and ε is a smoothing term (usually ranging from 10−4 to 10−8) that
avoids division by zero. The squared sum of the gradients is less for the small updates that
makes the learning rate larger and vice-versa. With AdaGrad, the updates are larger for the
infrequent parameters or the parameters with small gradients and are smaller for the frequent
parameters or the parameters with large gradients. As a result, the algorithm makes updates
at same proportions to all parameters. However, as the number of iterations increase with
time or if the initial gradients are large, the sum of the square of gradients keeps getting larger
and the learning becomes slow. At the worst case, the learning rate becomes infinitesimally
small and the training comes to a standstill.
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AdaDelta
AdaDelta (adaptive learning rate method) [70] alleviates the problem of monotonically
decreasing learning rates in AdaGrad by limiting the window of accumulated past squared
gradients to a fixed size. An exponentially decaying sum of the squared gradients, called the
second order moment, is stored and used in adjusting the learning rates. Mathematically,
AdaDelta is given as









where λ is a hyperparameter called learning rate, ρ is a hyperparameter ranging from 0
to 1, E[g(η)2] is an accumulation variable initially set to zero i.e. E[g(0)2] = 0 and ε is a
smoothing term that avoids division by zero.
RMSprop
RMSprop (root mean square propagation) [71] and AdaDelta have been developed inde-
pendently around the same time to resolve AdaGrad’s diminishing learning rates problem.
RMSprop is mathematically same as the AdaDelta method. The suggested value by authors
of RMSprop for ρ is 0.9 with a learning rate λ of 0.001.
Adam
Adam (adaptive moment estimation) [72] computes the individual learning rates for the
network parameters using the first moment (mean) and the second moment (uncentered
variance). In addition to calculating the second order moments utilizing exponentially
decaying sum of squared gradients, it also uses first order moment that is the exponentially
decaying sum of the previous gradients. Thus, the decaying sums of both past and past
squared gradients are used to adjust the learning rates. Mathematically, the first and second
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moments are calculated as









where β1 and β2 are the hyperparameters called the decay parameters of first and second
moments respectively ranging from 0 to 1 and usually close to 1. However, since the moments
are initialized with zeros at the first iteration, they are biased towards zero at initial steps and
especially when the decay rates are small. Thus, the bias correction is done by updating the









Finally, the parameters of the network are updated as
ω(η +1) = ω(η)−λ m̂(η +1)√
v̂(η +1)+ ε
(2.27)
Algorithm 2.3 describes the adam optimization method.
2.4 Relevent works in Brain Tissue Segmentation
In this section, recent methods based on convolutional neural networks that are used in the
brain tissue segmentation are discussed. For segmentation, fully convolutional networks are
the foundational methods because of their ability to facilitate voxel-to-voxel mapping from
input data to output labels. These architectures encode low-to-high level features at various
scales in a series of layers capturing information at global and local contexts. Based on how
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Algorithm 2.3 Adam Optimization Algorithm
Input: Objective function L(ω); initial parameters ω0, stepsize λ , exponential decay rate
for moment estimates β1,β2 ∈ [0,1), stabilization constant ε
Initialize first moment estimate: m0← 0
Initialize second moment estimate: v0← 0
Initialize iteration step: η ← 0
while ωt has not converged do
Update iteration step: η ← η +1
Computer gradient of objective w.r.t. parameters: gη ←
∂Lη−1
∂ωη−1
Update first moment estimate: mη ← β1 ·mη−1 +(1−β1) ·gη
Update second moment estimate: vη ← β2 · vη−1 +(1−β2) ·g2η
Bias-correct first moment estimate: m̂η =
mη
1−β η1
Bias-correct second moment estimate: v̂η =
vη
1−β η2




the information is propagated in the network structure for segmentation, we broadly group
the architectures into the following categories.
2.4.1 CNN based on contextual fusion
Some popular architectures used in brain tissue segmentation employ multi-level contextual
information fusion for localization. The encoder region of these architectures has several
downsampling stages to capture contextual information at different scales. However, in the
expanding path, the low-resolution features are nonidentically upsampled and concatenated
at once.
3D-like FCN
3D-like FCN (3D-like fully convolutional network) [42] adapts layers from a VGG-16
network [73], a popular 16 layered convolutional neural network used on the ImageNet
dataset for classification and localization, as the framework of the encoder path. The VGG-16
network stacks 13 convolutional layers with kernels of size 3×3 followed by ReLU activation,
has 5 maxpooling layers with kernels of size 2×2 and stride 2 at various stages, and uses
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Fig. 2.8 Architecture of the 3D-like FCN. The fine to coarse feature maps of the encoder are
combined for segmentation [42].
the 3 fully connected layers at the end of the network for classification. A maxpooling
layer is placed after every two convolutional layers in the first two stages and after every
three convolutional layers in following three stages of the network architecture. 3D-like
FCN disregards the fifth maxpooling layer and the fully connected layers of the VGG-16
network and uses the 5 convolutional stages to capture the contextual information as shown
in Figure 2.8. The output of each stage is then passed through specialized convolutional
layers with kernels of size 3×3 to reduce the number of feature maps to 16. The outputs of
the specialized convolutional layers are then upsampled to the original image resolution and
concatenated. Finally, a convolutional layer with kernels of size 1×1 is used to generate the
segmentation result from the concatenated feature maps. For the input, the network utilizes
three consecutive 2D slices of brain MR scans to segment the middle slice. 3D-like FCN also
uses the weights of the VGG network trained on millions of natural images in ImageNet and
fine-tunes it for brain tissue classification. This approach is commonly referred to as transfer
learning.
VoxResNet
VoxResNet (deep voxelwise residual network) [49] utilizes 3D residual modules inspired
from the residual network [48] to extract contextual information for volumetric brain tissue
segmentation. VoxResNet has 4 stages in the encoder region separated by pooling layers
and a total of 25 layers as shown in Figure 2.9. A residual module in VoxResNet has two
sequential convolutional layers whose output is summed to the input elementwise to form a
residual representation. The input to the network is passed through two stacked convolutional
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Fig. 2.9 (a) The VoxResNet architecture for volumetric image segmentation. (b) The VoxRes
module [49].
layers in the first stage. The subsequent stages have two residual modules stacked together.
For pooling, convolutional layer with kernels of size of 3×3×3 and stride of 2×2×2 is
used. All the convolutional layers in the encoder are followed by BN-ReLU. Except for the
first convolutional layer in the residual modules that has kernels of size of 1×3×3, all the
convolutional layers have kernels of size 3×3×3. The outputs of the 4 stages, taken from
the final convolution layers of the stages before the application of BN-ReLU, are passed
through 4 auxiliary classifiers for deep supervision [74]. The outputs of the classifiers are
then concatenated and passed through the final convolutional layer to produce the output
segmentation maps.
3D-SkipDenseSeg
3D-SkipDenseSeg (3D densely connected convolutional network) [53] utilizes densely
connected network (DenseNet) in the encoder path for volumetric brain tissue segmentation.
With a total of 47 layers, 3D-SkipDenseSeg has 4 stages in the encoder region as shown
in Figure 2.10. The first stage has three consecutive convolutional layers with kernels of
size 3×3×3. The remaining stages have dense blocks with pooling layers that gradually
downsample the feature resolution to capture contextual information. Each denseblock has 4
pairs of convolutional layers. The two sequential convolutional layers in the pair have kernels
of size 1×1×1 and 3×3×3, respectively, each preceded by the BN-ReLU unit. Every pair
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Fig. 2.10 The 3D-SkipDenseSeg architecture for 6-month infant brain tissue segmenta-
tion [53].
is densely connected to the preceding pairs. Dropout layers are also used at the end of the
denseblocks to reduce overfitting. The pooling at every stage is done using a convolutional
layer with kernels of size 3×3×3 and stride of 2×2×2. The output at each of the last 4
stages of the encoder path is passed through a convolution layer with kernels of size 1×1×1
to reduce the number of feature maps and eventually concatenated with the output of the first
stage. Finally, a convolutional layer with kernels of size 1× 1× 1 is used to generate the
output segmentation maps.
2.4.2 CNN based on U-Net
U-Net is one of the most popular CNN architectures used in biomedical image segmentation.
The architecture is built upon a fully convolutional network (FCN) architecture where the
fully connected layers that are present in the traditional CNNs used for classification are
replaced with fully convolutional layers. FCN utilizes upsampled outputs at the latter layer of
the network in combination with high-resolution activation maps from earlier layers to extend
the use of CNNs from classification to accurate pixel-wise segmentation. U-Net modifies
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FCN by adding a large number of feature channels in the upsampling region to effectively
propagate the spatial location information. As a result, the contracting and expanding path
of the network form a symmetric structure that makes the framework look like a u-shaped
architecture. U-Net makes effective use of local and contextual information. Usually in
CNNs, the use of small-size patches to facilitate localization fails to capture contextual
information of the input whereas, the use of large-sized patches with subsequent pooling
layers to facilitate contextualization consequently reduces the localization accuracy. U-Net
addresses this tradeoff by utilizing skip connections between the contracting and expanding
paths. The contracting path of U-Net captures the contextual information using convolutional
layers with stage-wise pooling layers and the shortcut skip-connections transfer local spatial
information from the contracting path to the expanding path by combining the high-resolution
local features of the contracting path with the upsampled features of the same resolution in
the expanding path. The U-Net has 4 stages of different resolutions in the contracting as
well as the expanding path as shown in Figure 2.11. It has a total of 23 layers and 7,759,521
parameters. The contracting path has two sequential convolutional layers with kernels of
size 3×3 followed by a maxpooling layer with pooling size 2×2 and stride of 2 in each
stage. At every stage, the number of feature maps are doubled after downsampling. The
contracting path is then connected to the expanding path by two consecutive convolutional
layers with kernels of size 3×3 each. The expanding path has 4 transposed convolutional
layers with kernels of size 2×2 for upsampling. Each upsampler doubles the resolution of
feature maps while reducing the number of feature maps by one-half, and is followed by
two consecutive convolutional layers, both of them having kernels of size 3×3. Finally, a
convolutional layer with kernels of size 1×1 followed by a sigmoid activation function is
used to obtain the predicted segmentation map. All convolutional layers in the network that
have the kernels of size 3×3 are followed by a ReLU activation. The feature maps before
the pooling layer at each stage of the contracting path are concatenated to the corresponding
output feature maps of upsampler in the expanding path having the same resolution using
a skip-connection. After the success of U-Net, architectures based on it were proposed for
improved performance in medical image segmentation. The network structure of some of the
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Fig. 2.11 The U-Net architecture. The blue box corresponds to a multi-channel feature map
and the white box represents copied feature maps. The number of channels is presented on
top of the box. The lower left edge of the box shows the feature resolution and the arrows
indicate the operations [45].
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Fig. 2.12 The modified U-Net architecture (2D) for single-modality brain tissue segmenta-
tion [75].
popular architectures based on U-Net used in brain tissue segmentation are briefly discussed
below.
Modified U-Net
The Modified U-Net (2D) [75] architecture is very similar to the U-Net architecture as shown
in Figure 2.12. The modified U-Net was used for single-modality brain tissue segmentation.
It segmented brain tissues into three labels at once. It also avoided bottlenecks [76] by
doubling the number of feature maps before pooling. The input size to the network was
64× 64 that alleviated the memory requirements and the output size was 64× 64× 4 for
segmenting the input into background and three brain tissue labels. By using padding,
modified U-Net maintained the resolution of input at output.
U-SegNet
U-SegNet [77] is a hybrid architecture of SegNet and U-Net as shown in Figure 2.13 that
was used for the segmentation of brain tissue into WM, GM and CSF from MR images. Seg-
Net [78], unlike U-Net, uses pooling indices to upsample feature maps instead of transpose
convolutional layers. The skip-connections like the U-Net is used in SegNet architecture to
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Fig. 2.13 U-SegNet architecture—a hybrid of two popular deep learning segmentation
architectures SegNet and U-Net, for brain tissue segmentation [77].
form U-SegNet. U-SegNet utilizes patches of input instead of full image for segmentation by
postulating that local information has more importance over contextual information in tissue
segmentation. Furthermore, in U-SetNet, the depth of the SegNet architecture is reduced to
accommodate the input patches of size 40×40×3 into computational memory.
3D-Unet
3D U-Net [46] was proposed for volumetric segmentation by replacing all 2D operations
of the U-Net architecture by 3D. The 3D-Unet architecture is illustrated in Figure 2.11. To
reduce the number of parameters, the stages of the architecture were reduced to 3 resulting
in a total of 18 layers. Furthermore, the number of kernels was doubled before the pooling
layers to avoid bottlenecks [76]. However, it still has a significant increase in the number of
parameters (19,078,593 parameters) and the required huge memory.
RP-Net
RP-Net [50] utilizes residual connections through recursive residual blocks in a U-Net
like architecture. Figure 2.15(c) illustrates the structure of RP-Net architecture. The 3D
architecture has 4 stages in the contracting path, each consisting of a recursive residual block
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Fig. 2.14 The 3D-UNet architecture. The blue boxes represent the feature maps and the
number of channels is presented above the feature maps. [46].
as shown in Figure 2.15(a) having 3 residual units. The stages are separated by maxpooling
layers having kernels of size 2×2×2 and stride of 2. In the expanding path, the upsampling
layers are also followed by the recursive residual blocks. All the convolutional layers use
kernels of size 3×3×3 and the skip-connection between the contracting and expanding paths
perform element-wise summation. At the end of the network architecture, a pyramid pooling
module shown in Figure 2.15(b) is used to effectively capture various levels of contextual
information for final segmentation. The pyramid pooling module upsamples the feature maps
at different scales and concatenates them similar to that in the contextual fusion strategy.
Furthermore, the output of the summation at each stage is passed through a convolutional
layer having kernels of size 1×1×1 in the expanding path to perform deep supervision [74]
using an auxiliary loss function.
3D FC-DenseNet
FC-DenseNet [79] (fully convolutional densenet) builds upon the idea of DenseNet for
semantic segmentation. It has contracting and expanding paths like U-Net, however, the
group of stacked convolutional layers in U-Net at every stage of contracting and expanding
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(a) (b)
(c)
Fig. 2.15 (a) A recursive residual block with 3 residual units. (b) Pyramid pooling module.
(c) The architecture of RP-Net. The boxes and arrows denote the different operations. The
orange box represents a basic block containing two convolution layers each followed by a
BN-ReLU unit [50].
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Fig. 2.16 The 3D FC-DenseNet architecture. The purple and red blocks represent the
first convolutional downsampling block and last transpose convolutional upsampling block
respectively [55].
paths is replaced with a group of densely connected convolutional layers called a denseblock.
In between the two denseblocks in the contracting path, there is a downsampling layer
that reduces the feature resolution by one-half whereas in between the two denseblocks in
the expanding path, there is a upsampling layer that doubles the feature resolution. Skip-
connections are used to facilitate transfer of high-resolution local features from the contracting
path to the expanding path between the layers of same resolutions. Combining the FC-
DenseNet and 3D-SkipDenseSeg architectures, Hashemi et al. proposed a deep three-
dimensional architecture for brain tissue segmentation called 3D FC-DenseNet [55] as shown
in Figure 2.16. The input to the architecture is are sub-volumes of size 128×128×128 that
are downsampled in the first layer to the size of 64× 64× 64 using a convolutional layer
with kernels of size 2×2×2 with stride 2. It utilizes 5 skip connections at multiple stages to
transfer the high-resolution feature information from contracting path to the expanding path
through concatenation. Finally, a transposed convolutional layer with kernels of size 2×2×2
and stride 2 is used to upsample the feature maps from 64×64×64 to 128×128×128.
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2.4.3 CNN based on DenseNet
Some architectures used in the segmentation of brain tissues from MRI do not employ the skip
connections or stepwise contracting path to encode contextual information for segmentation
like the architectures described in Section 2.4.1 and Section 2.4.2. These architectures,
however, utilize the dense connections to increase the information flow and representative
capacity for segmentation.
DenseVoxNet
DenseVoxNet (Densely-Connected Volumetric ConvNet) [52] utilizes 2 denseblocks in
a network separated by a transitional downsampling layer for segmentation as shown in
Figure 2.17. A convolutional layer with kernels of size 3×3×3 and stride of 2 is placed at
the beginning of the network to reduce the feature resolution by one-half. In DenseVoxNet,
each denseblock has 12 convolutional layers with kernels of size 3× 3× 3 where each
convolutional layer is preceded by a BN-ReLU. The transitional layer consists of a BN-ReLU
followed by a convolutional layer with kernels of size 1×1×1 and a maxpooling layer that
is a convolutional layer with kernels of size 2×2×2 and stride 2. Finally, the output of the
second dense block is passed through a convolutional layer that is preceded by BN-ReLU and
two transpose convolutional layers both having kernels of size 2×2×2 to match the input
resolution. Finally, a convolutional layer with kernels of size 1×1×1 is used to obtain the
segmentation map. The network also uses a dropout layer after every convolutional layer to
reduce overfitting. Furthermore, DenseVoxNet utilizes deep supervision [74] by upsampling
the output of the convolutional layer in the transitional region using a transpose convolutional
layer with kernels of size 2×2×2.
HyperDenseNet
HyperDenseNet [54] utilizes 3D dense connections in a multi-modality setting without
pooling layers. The architecture of HyperDenseNet is shown in Figure 2.18. Usually, two
paths are set up for two modalities of input scans. Besides the dense connection in each
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Fig. 2.17 The DenseVoxNet architecture. The bottom-left graph illustrates a 5-layer dense-
block as an example. [52].
path, the connectivity is also shared between the two paths. As a result, the input to each
convolutional block is a concatenation of feature maps of all preceding layers from both paths.
The architecture uses sub-volumes of size 27× 27× 27 for training and non-overlapping
sub-volumes of size 35×35×35 for inference.
2.5 Discussion on the Methods
Convolutional neural networks have been very popular in brain tissue segmentation. These
networks have been improved for better performance over time by introducing different
types of layers, various types of connections between the layers, defining loss functions
suitable for specific problems, and modifying optimization methods for faster and better
convergence. The fully convolutional networks (FCN) have become a popular method for
segmentation problem as it facilitates the voxel-wise classification of input data. By replacing
the the fully connected layers of typical CNNs used in classification by fully convolutional
layers, the local information is preserved in the FCN. However, contextual information is as
important as local information for a network to utilize the semantic information in the data
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Fig. 2.18 A section of the proposed HyperDenseNet for two image modalities. Gray regions
represent the convolutional blocks. Convolution operations and the dense connections
between feature maps are denoted by red and black arrows respectively. [54].
for a robust segmentation. U-Net-like architectures that are built upon FCNs have typical
layers of CNNs such as convolutional layers, pooling layers, and upsampling layers, and
the skip connections to utilize contextual and local information for improved segmentation
performance. Based on the contextual information utilization, multi-scale fusion strategies
and the architectures built upon U-Net were introduced to make the network more robust.
Similarly, the use of volumetric data as input is preferred over the 2D slices in segmentation
to maximize the capture of the spatial contextual information for better performance. In
general, increasing the depth of the network should increase the representational capacity of
the network but in case of deep networks, it also leads the network to a degradation problem
where the performance of the network decreases severely. To boost the representational power
of the network in deeper architectures while addressing the degradation problem, ResNet
was introduced that has shortcut connections allowing efficient gradient flow between the
network layers. DenseNet introduced dense connections for better information propagation
among the layers and efficient utilization of network parameters. Employing residual or
dense connections in the networks based on U-Net or multi-scale fusion strategies have
enhanced the performance in brain tissue segmentation. When designing a robust network
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for segmentation, the challenge is to utilize the parameters efficiently and increase the
representational capacity with as less complexity as possible. Complex architectures with
a large number of parameters make the network model difficult to optimize, increase the
changes of overfitting, and require a large amount of memory.
2.6 Summary
In this chapter, the components that build up a convolution neural network, the process
of training the convolutional neural networks, and the different types of deep learning
architectures used in brain tissue segmentation have been discussed. Then, the structures
of these architectures have been presented and the common problems in the networks such
as requirement of complex optimization, increased memory, and computational complexity
due to the large number of parameters have been discussed. In the next chapter, the methods
used for addressing these issues in a deep convolution neural network will be discussed
and a parameter-efficient convolutional neural network for brain tissue segmentation will be
proposed.
Chapter 3
Design of Proposed Architecture
3.1 Introduction
Convolutional neural networks are currently the preferred methods for the segmentation
of brain tissues from MR images. CNNs are efficient at abstracting high and low-level
representations of data by learning important features at various layers of abstraction. Without
the need of manual feature extraction and human supervision, CNNs can be employed on
a huge amount of data for various purposes including classification and segmentation. The
effectiveness of CNNs has increased over time through the design of complex architectures
having different numbers, position, and connection of layers, hyperparameters selection,
optimization techniques, and regularization methods. In brain tissue segmentation using
MR images, architectures based on the contextual fusion strategies, built upon U-Net, or
based on dense connectivity without contextual information utilization have achieved state-
of-the-art performances. The existing architectures based on contextual fusion strategies that
employ multi-scale upsampling of feature maps at once might not have better localization
precision especially when large-sized transpose convolution kernels are used. The large-sized
kernels also result in a large number of parameters. The existing architectures built upon
U-Net for brain tissue segmentation utilize feature concatenation with the large number
of feature maps at each layer leading to a large number of parameters to be learned, thus
increasing optimization complexity and memory requirement. The existing architectures
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utilizing just the dense connectivity fail to utilize the contextual and semantic information
present in the input data. These architectures require multiple kernel operations at each stage
increasing the computational complexity. Thus, in general, all the existing architectures
used in volumetric brain tissue segmentation require large memory, increased computational
complexity, and complex optimization of the parameters. We propose a three-dimensional
deep convolutional neural network architecture for volumetric segmentation of T1- and/or T2-
weighted MR images of brain into white matter (WM), gray matter (GM), and cerebrospinal
fluid (CSF) that addresses the issues of memory requirement, computational complexity,
and optimization difficulty in the existing network architectures. The proposed network
architecture is built upon the U-Net and utilizes residual skip connections between the
contracting and expanding paths to facilitate an improved gradient flow with a significantly
reduced number of parameters, thus leading to easier optimization, decreased overfitting,
increased representation capacity, and improved performance compared to the architectures
in the literature for volumetric brain tissue segmentation. The proposed architecture also
utilizes dense connectivity in the contracting path for compact representation by effectively
reusing the network parameters without sacrificing the segmentation performance.
3.2 Architecture
The proposed architecture is built upon the U-Net framework along with the use of dense
and residual connectivities as shown in Figure 3.1(b) [80]. Like the U-Net architecture, the
proposed network has contracting and expanding paths for contextualization and localization.
The contracting path in the proposed architecture has a series of denseblocks that capture
multi-level contextual information at different scales and resolutions. Each denseblock has
a group of layers connected to each other through dense connections. These connections
also allow the design of a compact architecture through feature reuse. The network also has
residual skip connections to transfer the high-resolution features for localization from the
contracting path to the expanding path between the layers of the same resolution without
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increasing the number of parameters. We discuss the primary structures that built up the
proposed network architecture as follows.
3.2.1 Denseblock
The denseblock is the foundational structure in the contracting path of the proposed network
architecture. It mainly consists of convolutional layers with dense connections. It is designed
to capture maximum information from the input at various levels of abstractions with a
smaller number of parameters. The ability of dense connections to reuse the features from
all the preceding layers allows the design of a compact network architecture. Figure 3.1(a)
illustrates the different components of the denseblock used in the proposed network. The
denseblock is preceded by a downsampling layer that is followed by 4 pairs of convolutional
layers. The input to each pair is the collection of outputs of all previous pairs and the input
resulting into the dense connections. The downsampling layer is a convolutional layer having
kernels of size 2×2×2 and stride of 2 that reduces the resolution of the input by one-half.
Each pair in the denseblock has a convolutional layer with kernels of size 1×1×1 followed
by a convolutional layer with kernels of size 3× 3× 3. The small size of kernels in the
convolutional layers allows the network architecture to go deeper while being cost-effective.
The small receptive field captures local and complex details in the volumetric scans. As
the features from previous layers are concatenated, there is an uncontrolled increase in the
number of feature maps as we move forward through the network. If k0 be the number of
input feature maps to the dense block then the number of output feature maps at lth layer is
given by k×(l−1)+k0 where k is the output of the convolutional layer before concatenation
commonly known as the growth rate. We use a growth rate of 16 in the denseblocks that is
also the number of output feature maps of the second convolutional layer in the pair. A small
growth rate is feasible in DenseNet because of the dense connectivity that allows collective
feature propagation from the preceding layers. This also makes the denseblock parameter
efficient. The first layer in the convolutional pair referred to as bottleneck layer [51] limits the
number of features going through the second layer to further reduce computational expense
as the large number of parameters that would be required to process the concatenated input
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maps is reduced by the bottleneck layer. The number of output feature maps of the bottleneck
layer in the denseblock is 64. Every convolutional layer in the denseblock is preceded by
a batch normalization and rectified linear unit, also known as the pre-activation unit. The
position of the pre-activation unit before convolutional layers have shown better performance
in deeper architectures [81]. A dropout layer with the dropout rate of 0.2 is used at the end
of the denseblock to reduce overfitting and facilitate regularization.
3.2.2 Transitional block
Transitional block adds more representational capability to the network while maintaining
the number of feature maps for parameter efficiency and facilitating the information transfer
between the layers of the network. We use transitional blocks in the contracting as well as the
expanding paths of the proposed network. The transitional block consists of a preactivation
unit (BN-ReLU) followed by a convolutional layer having kernels of size 1×1×1. In the
contracting path, the transitional block follows the denseblock and reduces the number of
feature maps from the denseblocks by one-half, thus reducing the network complexity and
size. In the expanding path, the transitional layer follows the upsampler i.e. the transpose
convolution layer. Here, it increases the number of feature maps to capture and propagate the
contextual information between the layers and to match the number of feature maps between
the layers of the same resolutions in the contracting and expanding paths that are connected
through the residual skip connections.
3.2.3 The proposed network
The diagram of the proposed network architecture is shown in Figure 3.1(b). It has two parts,
a contracting path and a corresponding expanding path. The network has 706,934 parameters
and 52 layers. The contracting path has a total of 43 layers with 4 denseblocks each followed
by a transitional block and the expanding path has a total of 9 layers with 4 corresponding
upsamplers each followed by a transitional block. The corresponding transitional blocks
in the contracting and expanding paths having the same resolutions are connected using
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(a)
(b)
Fig. 3.1 (a) The denseblock with downsampler used in the contracting path of the proposed
network architecture. The downsampler layer (blue) reduces the feature resolution by
one-half. (b) The proposed network architecture for single-modality and multi-modality
volumetric brain tissue segmentation. The thickness and size (height and width) of the blocks
represent the relative depth and resolution of the feature maps, respectively. The arrows
indicate the direction of feature propagation.
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the residual skip connections. The contracting path of the proposed network starts with
three sequential convolutional layers with kernels size 3×3×3 to capture low-level features
from the input data. Each convolutional layer is followed by a pre-activation unit i.e. batch
normalization (BN) followed by a rectified linear unit (ReLU), and outputs 32 feature maps.
These convolutional layers are followed by 4 consecutive dense blocks (Section 3.2.1) that
encode the high-level features at different scales. The denseblock is followed by a transitional
block (Section 3.2.2). A pre-activation unit precedes each of the downsampling layers in the
contracting path. The expanding path has 4 transpose convolutional layers or upsamplers
with a consistent upscaling factor to upsample the feature maps. Each upsampler doubles the
feature resolution and reduces the number of feature maps by one-half. The use of small-
sized kernels with consistent upsampling in stages reduces the number of parameters by a
significant amount compared to that in multi-scale upsampling using kernels of small to large
sizes. The upsampler is followed by a transitional layer that increases the representational
capacity of the network and facilitates element-wise summation between the corresponding
layers of the same resolutions of the contracting and expanding paths using residual skip
connections. The residual skip connections allow effective information transfer from the
contracting path to the expanding path without an increase in the number of parameters. All
the convolutional layers in the network use zero padding to maintain the feature resolution.
Finally, a convolutional layer with kernels of size 1× 1× 1 preceded by a pre-activation
unit is used to obtain 4 feature maps corresponding to the four labels of the brain tissue
segmentation, viz., WM, GM, CSF and the background. Each of the resulting feature maps
is subjected to a softmax function to obtain the probability that a voxel of the input data
belongs to a label of the brain tissue segmentation. Table 3.1 and Table 3.2 show the detailed
description of the denseblock and the proposed network architecture.
3.3 Summary
In this chapter, first, the motivation behind the design of a parameter-efficient convolutional
neural network for brain tissue segmentation has been discussed. Next, the design of the
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Table 3.1 The denseblock for growthrate 16 and x number of input feature maps.
Layer
Number of Number of Number of
input channels output channels parameters
BN + Conv3D (1×1×1) x 64 66x
BN + Conv3D (3×3×3) 64 16 27776
BN + Conv3D (1×1×1) x+16 64 66(x+16)
BN + Conv3D (3×3×3) 64 16 27776
BN + Conv3D (1×1×1) x+32 64 66(x+32)
BN + Conv3D (3×3×3) 64 16 27776
BN + Conv3D (1×1×1) x+48 64 66(x+48)
BN + Conv3D (3×3×3) 64 16 27776
DenseBlock (8 layers) x x+64 264x+117440
proposed three-dimensional deep convolutional neural network architecture with reduced
number of parameters for compact representation, increased performance, and easier opti-
mization has been presented. Finally, the components used in the architecture have been
discussed and the network structure presented in detail. In the next chapter, the experimental
setup for utilizing the proposed network for segmentation of brain tissue is presented and
experiments are performed to evaluate the performance of the network and its performance
is compared with that of the existing architectures.
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Table 3.2 Details of the proposed network architecture.
Block Layer
Number Number Number
of input of output of
channels channels parameters
Conv3D (3×3×3) + BN 2 32 1792
Initial Block Conv3D (3×3×3) + BN 32 32 27712
Conv3D (3×3×3) + BN 32 32 27712
Downsampler1 Conv3D (2×2×2, s2) 32 32 8192
DenseBlock1 8 × (BN + Conv3D) 32 96 125888
TransBlock1 BN + Conv3D (1×1×1) 96 48 4800
Downsampler2 BN + Conv3D+Bias (2×2×2, s2) 48 48 18576
DenseBlock2 8 × (BN + Conv3D) 48 112 130112
TransBlock2 BN + Conv3D (1×1×1) 112 56 6496
Downsampler3 BN + Conv3D+Bias (2×2×2, s2) 56 56 25256
DenseBlock3 8 × (BN + Conv3D) 56 120 132224
TransBlock3 BN + Conv3D (1×1×1) 120 60 7440
Downsampler4 BN + Conv3D+Bias (2×2×2, s2) 60 60 28980
DenseBlock4 8 × (BN + Conv3D) 60 124 133280
TransBlock4 BN + Conv3D (1×1×1) 124 62 7936
Upsampler1 ConvT3D (4×4×4, s2) 62 31 3968
TransBlock5 BN + Conv3D (1×1×1) 31 60 1922
Upsampler2 ConvT3D (4×4×4, s2) 60 30 3840
TransBlock6 BN + Conv3D (1×1×1) 30 56 1740
Upsampler3 ConvT3D (4×4×4, s2) 56 28 3584
TransBlock7 BN + Conv3D (1×1×1) 28 48 1400
Upsampler4 ConvT3D (4×4×4, s2) 48 24 3072
TransBlock7 BN + Conv3D (1×1×1) 24 32 816
Final Block BN + Conv3D+Bias (1×1×1) 32 4 196
Network 52 2 4 706934
Chapter 4
Experiments and Results
In this chapter, the experimental setup of the proposed network for volumetric brain tissue
segmentation is presented, the experiments are performed, and the results are analysed.
The chapter is organized as follows. First, the descriptions of the two datasets used in the
experiments are presented. Next, the preprocessing steps carried out on the dataset before
passing the data through the network for training or testing is discussed. Then, the method
of initializing the parameters of the network is discussed and the training scheme with the
hyperparameters setup and the loss functions used for training the network are presented.
The metrics that are used to evaluate the finally, performance are discussed and subsequently
the segmentation performance of the proposed architecture and a comparison with that of the
existing methods of brain tissue segmentation is carried out.
4.1 Datasets
We evaluate the performance of the proposed network architecture on two publicly available
datasets containing volumetric MR scans, namely, Internet Brain Segmentation Repository
(IBSR18) and 6-month infant brain MRI Segmentation (iSeg-2017). We perform single-
modality brain tissue segmentation using the T1w brain MR images of IBSR18 dataset
and multi-modality brain tissue segmentation using the T1w and T2w brain MR images of
iSeg-2017 dataset into white matter (WM), gray matter (GM), and cerebrospinal fluid (CSF).
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4.1.1 IBSR
The Internet Brain Segmentation Repository (IBSR18) dataset1 has a collection of T1-
weighted (T1w) volumetric brain MR scans of 18 subjects with manual segmentation
from experts [82]. The dataset with manual segmentations was provided by the Center
for Morphometric Analysis at Massachusetts General Hospital and is available at http:
//www.cma.mgh.harvard.edu/ibsr/. The subjects belong to the age groups ranging from 7
to 71 years old. Figure 4.1 shows a sample of T1w scans of the IBSR18 dataset along
three axes with manual segmentation. For our experiments, we use the latest IBSR V2.0
dataset that contains subjects of volumetric size 256×256×128 with voxel resolution of
0.84×0.84×1.5 mm3, 0.94×0.94×1.5 mm3 or 1.0×1.0×1.5 mm3. Table 4.1 presents the
details of all the subjects of IBSR18 dataset. The "segTRI_ana" file of each subject inside the
root folder "IBSR_V2.0 skull-stripped NIFTI" contains the manual segmentation of the brain
tissue into WM, GM, CSF, and background. The MR scans have already been skull-stripped,
positionally normalized, and bias-field corrected. We use this dataset for single-modality
volumetric brain tissue segmentation.
4.1.2 iSeg
The iSeg-2017 dataset2 is released for the MICCAI Grand Challenge on 6-month infant
brain MRI Segmentation [83]. The dataset contains T1-weighted (T1w) and T2-weighted
(T2w) volumetric brain MR scans of 10 infant subjects for training and 13 for testing.
All the scans are randomly chosen from the Multi-visit Advanced Pediatric (MAP) Brain
Imaging Study3. Figure 4.2 shows a sample of T1w and T2w scans of the iSeg-2017 dataset
with manual segmentation. The training dataset containing 10 subjects contains manual
segmentation of every voxel into WM, GM, CSF, and background, whereas the manual
segmentation of 13 subjects of testing dataset is not publicly released. The T1w scans were
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(a) (b) (c)
(d) (e) (f)
Fig. 4.1 (a) Axial, (b) Sagittal, (c) Coronal slices of T1-weighted MR scan, and (d) Axial, (e)
Sagittal, and (f) Coronal slices of manual segmentation (CSF (Red), GM (Green), and WM
(Blue)) of IBSR18 dataset (Subject 9).
(a) (b) (c)
Fig. 4.2 Subvolumes of (a) T1-weighted MR scan, (b) T2-weighted MR scan, (c) Manual
Segmentation—CSF (Brown), GM (Yellow), and WM (Orange) of subject 9 of iSeg-2017
dataset.
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Table 4.1 The IBSR18 dataset
Volume Number Age (Sex) Volume Size Resolution (mm3)
01 37 (M) 256×256×128 0.94×0.94×1.5
02 41 (M) 256×256×128 0.94×0.94×1.5
03 JUV (F) 256×256×128 0.94×0.94×1.5
04 JUV (M) 256×256×128 0.94×0.94×1.5
05 41 (M) 256×256×128 0.94×0.94×1.5
06 46 (M) 256×256×128 0.94×0.94×1.5
07 70 (F) 256×256×128 1.0×1.0×1.5
08 60 (M) 256×256×128 1.0×1.0×1.5
09 41 (M) 256×256×128 1.0×1.0×1.5
10 35 (F) 256×256×128 1.0×1.0×1.5
11 59 (F) 256×256×128 1.0×1.0×1.5
12 71 (M) 256×256×128 1.0×1.0×1.5
13 JUV (M) 256×256×128 0.94×0.94×1.5
14 JUV (M) 256×256×128 0.94×0.94×1.5
15 8 (M) 256×256×128 0.84×0.84×1.5
16 7 (M) 256×256×128 0.84×0.84×1.5
17 8 (M) 256×256×128 0.84×0.84×1.5
18 13 (M) 256×256×128 0.84×0.84×1.5
TR/TE ratio of 1900/4.38 ms. The T2w scans were acquired with 64 axial slices at the
resolution of 1.25×1.25×1.95 mm3, flip angle of 150°, and TR/TE ratio of 7380/119 ms.
The scans were realigned to the corresponding T1w scans and resampled to the resolution
of 1×1×1 mm3. Thus, both T1w and T2w scans in the training dataset have volumetric
size of 144×192×256. The scans were already preprocessed for skull stripping, intensity
inhomogeneity correction, and cerebellum and brain stem removal before segmenting them
manually. We use this dataset for multi-modality volumetric brain tissue segmentation.
Figure 4.3 presents the overlapping intensity distribution of different labels of brain
tissue in the training set of iSeg-2017 dataset. Segmentation of brain tissue from MR images
specifically in infants is considered challenging due to the presence of highly overlapping
intensities between the tissues, lower signal-to-noise ratio, and increased partial volume
effects because of relatively large voxel size with respect to the brain size. When the voxel
size is large, a voxel may contain multiple types of tissues, thus posing a difficulty in
classification or segmentation of the voxel. This effect is known as partial volume effect.
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(a)
(b)
Fig. 4.3 Intensity distribution of (a) T1-weighted MR scans (b) T2-weighted MR scans of
iSeg-2017 training dataset.
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4.2 Preprocessing
CNNs are capable of abstracting latent features from the input data without the need for
extensive preprocessing. However, applying transformations on raw data can speed up
training and lead to better optimization. The MR scans from both the datasets are already
skull-stripped, thus contain only the brain tissues and the background. As preprocessing, we





where T̂ is the standardized T1w or T2w scan of a subject, Tt is the region containing
brain tissue only, mean(·) and std(·) are the mean and the standard deviation of the input,
respectively. Standardization rescales the data value by zero centering it with unit standard
deviation. It ensures the data has similar distribution. In case of gradient descent optimization,
standardization gives similar weightage to all the features in the data leading to similar update
rate for all the parameters, thus avoiding overshoots and improving convergence.
4.3 Weight Initialization
Weight initialization is an important aspect of training a convolutional neural network.
Initializing smaller weights for the parameters of the network leads to diminishing outputs
after every pass through a layer and the problem gets severe in deep networks where the
feature values at the later layers become too small to be significant. This also might lead the
network to vanishing gradient problem during backpropagation where the gradient becomes
too small that prevents the parameters from updating. In the worst case, the network will
cease to learn. Similarly, for larger weights initialization, the output keeps getting larger
at the later layers making the network unstable and very sensitive to the changes in input,
and subjecting the network to the saturation problem especially if the network has certain
activation functions such as sigmoid or tanh. This also might subject the network to the
exploding gradient problem where the large gradients will result in large updates to the
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network parameters and make the network unstable. In the extreme case, the values can
be too large as to overflow and become unrepresentable or undefined. Xavier et al. [84]
proposed an initialization method to keep the variance of input and output of a layer similar
thus alleviating the problem of the diminishing or increasing outputs at later layers in CNNs.
This method samples weight from a normal distribution with standard deviation equal in
value to the inverse of the average of the number of input and output connections. As a result,
the layers having a smaller number of weights have larger parameter values and vice-versa.
He et al. extended the idea for the networks that use non-linear activation functions such
as ReLU [85]. This initialization approach is like the Xavier et al., however, it considers
the standard deviation equal to two times the inverse of the number of input connections as
the ReLU activation is zero for half of the input. We use He et al. method to initialize the
parameters of the proposed network.
4.4 Training
We train the proposed network architecture for single-modality and multi-modality segmen-
tation of the brain tissue into three labels—white matter (WM), gray matter (GM), and
cerebrospinal fluid (CSF). The input to the network is randomly cropped sub-volumes of
size 64×64×64 from the preprocessed T1w and/or T2w MR scans. We use a mini-batch
size of 2 for the training. The small size of input reduces the memory requirements and
significantly increases the number of training samples, thus reducing the requirement for
data augmentation to generate more data. The network parameters are initialized using He et
al. (Section 4.3) initialization method and optimized using adam optimizer (Section 2.3.3).
We use the first and second order moments, β1 and β2, of 0.97 and 0.999, respectively for the
adam optimizer and the learning rate, λ , of 2e-4 initially for the training. To fine-tune the
parameters, we reduce the learning rate by a factor of 10 after 5000 epochs. To reduce over-
fitting and keep the network parameters smaller and the network model simpler, we also use
L2 regularization while training the network. L2 regularization adds the squared magnitude
of the parameters multiplied by a decay parameter to the loss function. For the experiments,
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we use the decay parameter of 6e-4 for the L2 normalization. We study the performance of
the proposed network model on three types of loss functions—cross-entropy (Section 2.3.1),
dice similarity (Section 2.3.1) and a combination of the two. Although cross-entropy loss
facilitates easier gradient calculation, it measures the error between the ground-truth and
the predicted score at voxel level and sums up the error. This causes it to be biased when
the input data is imbalanced among the labels. The dice score measures the relative overlap
between the ground-truth and the prediction ranging between 0 to 1 irrespective of the label
size, thus can deal with the data imbalance among the labels [86]. Therefore, to account
for accurate voxel-level prediction as well as the data imbalance problem, we consider a
combination of the cross-entropy and dice similarity losses like [87] to train our network.

















2 ·Yb,c · Ŷb,c
Yb,c + Ŷb,c
) (4.2)
where, M and N represent the total numbers of labels of segmentation and mini-batch size,
respectively, Yb,c is the flattened ground truth and has a value of 1 if the patch b belongs
to the label c and 0 otherwise, and Ŷb,c is the flattened predicted probability of the patch b
belonging to the label c and has a value between 0 and 1.
The proposed network architecture is implemented using the PyTorch package [88]
and the codes with trained models are publicly available at https://github.com/basnetr/
U-DenseResNet. We trained the network model on a computer with an Intel Core i5-9600K
CPU @ 3.70GHz, 16GB of RAM and an NVIDIA RTX 2070 GPU (8GB) for 6000 epochs.
The approximate time to train the network for 6000 epochs was 11 hours. The selection of
training and testing data is done such that the performance of the proposed network can be
compared with that of the existing architectures that use the same datasets for brain tissue
segmentation which is discussed below.
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Single-modality segmentation
For single-modality segmentation, we train and test our network architecture on IBSR18
dataset that contains T1w brain MR scans. We select the testing set same as the existing
architectures, namely, VoxResNet (Section 2.4.1), 3D-like FCN (Section 2.4.1), 3D U-Net
(Section 2.4.2), U-SegNet (Section 2.4.2), Modified U-Net (Section 2.4.2) and RP-Net
(Section 2.4.2). The subjects numbered 6, 7, 8, 9, 15, 16, 17 and 18 are selected for testing
and the rest of the subjects for training.
Multi-modality segmentation
For multi-modality brain tissue segmentation, we train and test the proposed network on
iSeg-2017 dataset containing T1w and T2w brain MR scans. Same as the 3D U-Net (Sec-
tion 2.4.2), DenseVoxNet (Section 2.4.3), and 3D-SkipDenseSeg (Section 2.4.1) architectures,
we test the network on subject 9 of the dataset and compare the performance with that of
the others. We train the network on the rest of the subjects of the dataset. We also sub-
mit our segmentation results to the iSeg organizers for the evaluation and to compare the
results with that of published top-ranking architectures on volumetric infant brain tissue
segmentation—3D-SkipDenseSeg (Section 2.4.1), HyperDenseNet (Section 2.4.3), and 3D
FC-DenseNet (Section 2.4.2).
4.5 Evaluation Metrics
The performance of the proposed architecture is evaluated and compared to that of the existing
deep-learning architectures for brain tissue segmentation using the metrics, dice similarity
coefficient (DSC), modified Hausdorff distance (MHD) and average surface distance (ASD).
4.5.1 Dice similarity coefficient
Dice similarity coefficient (DSC) [50] is one of the most popularly used metrics in evaluating
the performance of segmentation. It is computed as the ratio of twice the number of pixels in
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the overlapping region between the predicted segmentation and the ground truth to the total





where P is the region of predicted segmentation, G is the ground truth region of the segmen-
tation, and | · | represents the number of pixels in the region. The value of DSC ranges from 0
to 1. Higher the DSC score, more accurate the match between the two regions.
4.5.2 Modified Hausdorff distance
Hausdorff distance [89] is the maximum Euclidean distance between two regions. The
one-sided Hausdorff distance from a region, A to another region, B is defined as
h(A,B) = maxa∈Aminb∈B∥a−b∥ (4.4)
where a represents a pixel in A and b in B, and ∥·∥ represents the Euclidean distance. The
bidirectional Hausdorff distance between the two regions A and B is defined as
H(A,B) = max(h(A,B),h(B,A)) (4.5)
The bidirectional Hausdorff can be sensitive to outliers as it accounts for the maximum
distance only. Thus, to make it robust to the outliers, modified Hausdorff distance is defined
that uses 95th percentile of one-sided Hausdorff distance for calculation as
MHD(A,B) = max(h95(A,B),h95(B,A)) (4.6)
where h95 denotes the 95th percentile of the Hausdorff distance. Lower the value of MHD,
better the match between the two regions.
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4.5.3 Average surface distance
The average surface distance (ASD) [53] between two regions is measured as the mean
distance from points on a surface of one region to that on the surface of the another.
Let, the distance between a point a to the surface SB of a region B be defined as
d(a,B) = minb∈SB∥a−b∥ (4.7)















where SA and SB are the surfaces of two regions A and B, respectively, and nA and nB are the
total number of points in the surface of A and B, respectively. Lower the value of ASD, better
the match between the two regions.
4.6 Experimental results and performance comparison
The proposed network is trained using randomly cropped sub-volumes of size 64×64×64.
For IBSR18 dataset, T1w scans are used for single-modality brain tissue segmentation and
for iSeg-2017 dataset, both T1w and T2w scans are used for multi-modality brain tissue
segmentation. The network is trained independently using the three loss functions, cross-
entropy loss (CE), dice-similarity loss (Dice) and a combination of the two (CE+Dice). For
testing, the T1w and/or T2w are cropped to the sub-volumes of size 64×64×64 in the steps
of 16 along each dimension of the scans and passed through the network. The outputs of the
sub-volumes are combined and the probability scores at the overlapping regions are averaged
to obtain the final segmentation. The testing is done on the same test sets as used in the
other methods for equitable comparison of the results. The average test time on Intel Core
i5-9600K CPU @ 3.70GHz, 16GB of RAM and an NVIDIA RTX 2070 GPU (8GB) for a
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forward pass through the proposed network is 50.70 milliseconds per sub-volume and is 36
seconds per subject of size 144×192×256.
Figures 4.4(a) and 4.4(b) show the segmentation performance of the network in terms
of dice similarity coefficient on validation data during the training using three different loss
function. It is seen from the figure that the combined loss function converges relatively faster
compared to the other two loss functions.
4.6.1 IBSR
Table 4.2 presents the segmentation performance of the proposed method using the three loss
functions, CE, Dice and CE+Dice, and a comparison with that of the state-of-the-art deep
learning architectures for the single-modality brain tissue segmentation on IBSR18 dataset
in terms of dice similarity coefficient (DSC) and the number of parameters. The obtained
scores for each label are the average DSC scores of 8 subjects numbered 6, 7, 8, 9, 15, 16,
17, and 18. It is observed from the table that the proposed method achieves a performance
that is superior to that of all the existing deep-learning methods in terms of DSC for all the
brain tissue labels (WM, GM, and CSF) independently; moreover, using the least number
of parameters and irrespective of the type of loss function used during the training. The
proposed architecture shows an improvement of about 3% in the average DSC score using the
combined loss function as compared to that of the RP-Net, the architecture with the current
best performance. The reduction in the number of parameters in the proposed architecture
is about 98%, 96%, 95%, 80% and 47% as compared to that of the modified U-Net [75],
3D-UNet [46], 3D-like FCN [42], U-SegNet [77], and VoxResNet [49], respectively. In
addition, the average DSC improvement of the proposed architecture using the combined loss
function is about 3.8%, 5.1%, 4.9%, 13.5% and 8.4% for the corresponding architectures.
From this table, it is also seen that the proposed network trained on the combined loss yields
better accuracy, i.e. best DSC score in 2 out of 3 tissue labels and an overall best average
DSC score. Figure 4.5 shows the qualitative comparison of the segmentation results on one of
the IBSR18 test data, subject 9, using the proposed architecture trained on the three different
loss functions. Figure 4.5(a) presents slices of a T1w scan along the three dimensions,
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(a)
(b)
Fig. 4.4 Learning curves of the proposed method using three loss functions, the cross-entropy
loss (CE), dice similarity loss (Dice), and a combination of cross-entropy and dice similarity
loss (CE+Dice), on the (a) IBSR18 validation data and (b) iSeg-2017 validation data.
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Table 4.2 Comparison of segmentation performance of the proposed architecture in terms of
dice similarity coefficient (DSC) score for three labels of segmentation, WM, GM, and CSF,
and their average and the number of parameters on the test set comprising subjects 6 to 9 and
15 to 18 of the IBSR18 dataset. The bold-faced values in red font indicate the results from
the best performing methods, and that in blue and green fonts indicate the results from the
second-best and third-best performing methods, respectively.
Architecture
DSC Number of
WM GM CSF Average Parameters
VoxResNet [49] 0.8635 0.8817 0.8333 0.8595 1.33M
3D-like FCN [42] 0.9004 0.9075 0.8561 0.8880 15M
3D-UNet [46] 0.8997 0.9095 0.8499 0.8864 19M
U-SegNet [77] 0.8923 0.9033 0.6658 0.8205 3.48M
Modified U-Net [75] 0.9070 0.9185 0.8678 0.8978 31.03M
RP-Net [50] 0.9121 0.9208 0.8818 0.9049 -
Proposed (CE) 0.9399 0.9447 0.8960 0.9269 0.71M
Proposed (Dice) 0.9367 0.9394 0.9048 0.9270 0.71M
Proposed (CE+Dice) 0.9388 0.9452 0.9105 0.9315 0.71M
Figure 4.5(b) presents the ground truth of the segmentation, and Figures 4.5(c), 4.5(d),
and 4.5(e) present the segmentation results for the proposed network using the three loss
functions. It is seen from the figures that good segmentation results can be obtained using the
proposed network irrespective of the loss function used in training, and the combined loss
function yields results closer to the ground truth than that using the other two loss functions
as seen more clearly from the circled regions of the figures.
4.6.2 iSeg
Table 4.3 presents the segmentation performance of the proposed method using the three
loss functions, CE, Dice and CE+Dice, and a comparison with that of the state-of-the-art
deep learning architectures for the multi-modality brain tissue segmentation on iSeg-2017
dataset in terms of dice similarity coefficient (DSC), depth of the network and the number of
parameters. The obtained results for each label are the DSC scores of the test subject 9. It is
observed from the table that the proposed method achieves performance that is superior to
that of all the existing deep-learning methods in terms of DSC for all the brain tissue labels
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Fig. 4.5 Qualitative illustration of the proposed segmentation scheme on the subject 9 test set
of the IBSR18 dataset. (a) T1 images. (b) Ground truth images. c) Images obtained using the
cross-entropy loss. (d) Images obtained using the dice similarity loss. (e) Images obtained
using a combination of the cross-entropy and dice similarity losses.
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(WM, GM, and CSF) independently; moreover, using the least number of parameters and
irrespective of the type of loss function used during the training. The proposed architecture
shows an improvement of about 0.76% in the average DSC score using the combined loss
function as compared to that of the 3D FC-DenseNet, the architecture with the current best
performance. Even compared to the method using the least number of parameters at present,
VoxResNet, the reduction in the number of parameters in the proposed architecture is about
47% with an increase in the average DSC score by about 1.7%. The reduction in the number
of parameters in the proposed architecture is about 97%, 85% and 54% as compared to that
of the 3D-UNet [46], DenseVoxNet [52], and 3D-SkipDenseSeg [53], respectively, with
some improvement in the DSC score. From this table, it can also be seen that the proposed
network trained on the combined loss yields better accuracy, i.e. best DSC score in 2 out
of 3 tissue labels and an overall best average DSC score. Figure 4.6 shows the qualitative
comparison of the segmentation results on one of the iSeg2017 test data, subject 9, using
the proposed architecture trained on the three different loss functions. Figure 4.6(a) presents
slices of a T1w scan along the three dimensions, Figure 4.6(b) presents the ground truth
of the segmentation, and Figures 4.6(c), (d) and (e) present the segmentation results for
the proposed network using the three loss functions. It is seen from the figures that good
segmentation results can be obtained using the proposed network irrespective of the loss
function used in training, and the combined loss function yields results closer to the ground
truth than that using the other two loss functions as seen more clearly from the circled regions
of the figures.
We also participated in the MICCAI Grand Challenge on 6-month infant brain MRI
Segmentation4 and sent our segmentation results on the organizers’ test subjects to evaluate
our performance as the manual segmentation of these subjects are not publicly released.
The organizers of the challenge report the performance scores in terms of dice similarity
coefficient (DSC), Modified Hausdorff Distance (MHD), and Average Surface Distance
(ASD).
4http://iseg2017.web.unc.edu/rules/results/
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Table 4.3 Comparison of segmentation performance of the proposed architecture in terms
of dice similarity coefficient (DSC) score for three labels of segmentation, WM, GM, and
CSF, and their average, depth of the network, and the number of parameters on the test set
(subject 9) of iSeg-2017 dataset. The bold-faced values in red font indicate the results from
the best performing methods, and that in blue and green fonts indicate the results from the





WM GM CSF Average Parameters
3D-UNet [46] 0.8957 0.9073 0.9444 0.9158 18 19M
VoxResNet [49] 0.8987 0.9064 0.9428 0.9160 25 1.33M
DenseVoxNet [52] 0.8546 0.8851 0.9371 0.8923 32 4.34M
3D-SkipDenseSeg [53] 0.9101 0.9164 0.9488 0.9218 47 1.55M
3D FC-DenseNet [55] 0.9037 0.9179 0.9519 0.9245 60 1.4M
Proposed (CE) 0.9165 0.9221 0.9527 0.9305 52 0.71M
Proposed (Dice) 0.9174 0.9199 0.9495 0.9289 52 0.71M
Proposed (CE+Dice) 0.9159 0.9228 0.9558 0.9315 52 0.71M
Fig. 4.6 Qualitative illustration of the proposed segmentation scheme on the subject 9 test set
of the iSeg-2017 dataset. (a) T1 images. (b) T2 images. (b) Ground truth images. c) Images
obtained using the cross-entropy loss. (d) Images obtained using the dice similarity loss. (e)
Images obtained using a combination of the cross-entropy and dice similarity losses.
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Table 4.4 Comparison of segmentation performance of proposed architecture with published
deep learning architectures in terms of metrics dice similarity coefficient (DSC), modified
Hausdorff distance (MHD), and average surface distance (ASD) and the number of parameters
on iSeg-2017 test dataset. The bold-faced values in red font indicate the results from the best
performing methods, and that in blue and green fonts indicate the results from the second-best
and third-best performing methods, respectively.
Method
WM GM CSF Number of
DSC MHD ASD DSC MHD ASD DSC MHD ASD Parameters
MSL_SKKU [53] 0.904 6.618 0.375 0.923 5.999 0.321 0.958 9.112 0.116 1.55M
BCH_CLR_IMAGINE [55] 0.907 7.104 0.360 0.926 9.557 0.311 0.960 8.850 0.110 1.4M
HyperDenseNet [54] 0.901 6.660 0.382 0.920 5.752 0.329 0.956 9.421 0.120 10M
Proposed(CE+Dice)(Max-Pool) 0.903 6.778 0.399 0.919 5.694 0.329 0.957 9.201 0.119 0.63M
Table 4.5 Comparison of segmentation performance of our architecture in terms of dice
similarity coefficient (DSC) score using different downsampling layers on test data of iSeg-






WM GM CSF Average Parameters
CE+Dice (Max-Pool) 0.9192 0.9217 0.9519 0.9309 48 0.63M
CE+Dice (Conv-Pool) 0.9159 0.9228 0.9558 0.9315 52 0.71M
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Table 4.4 shows the average performance scores of the proposed network on the all the
test subjects of the iSeg-2017 challenge and a comparison to that of the the top-ranking
published deep learning methods. It should be noted that during the time of submission of
our results to the organizers of the segmentation challenge, we used max-pooling layers
instead of convolution layers for downsampling, thus network architecture had 625,926
parameters only with 48 layers [90]. The network was trained on the combined loss function.
Due to the limitation on the number of submissions allowed for the competition, we were
not able to submit the results of the proposed architecture that uses convolutional layers
as downsamplers. It is observed from the table that our method that used max-pooling for
downsampling has the least number of parameters that is about 59%, 55% and 94% less than
the number of parameters in [53], [55],and [54], respectively with a decrease in the average
accuracy in terms of the DSC score by only 0.2%, 0.5% and 0%, respectively, and in terms of
ASD by 4.1%, 8.5% and 1.8%, respectively. Nevertheless, there is an increase in the average
accuracy in terms of MHD by 0.3%, 15.1%, and 0.7% compared to that of the corresponding
methods. Table 4.5 shows a comparison of the performance of our architecture that uses
the max-pooling layer with that using the convolutional layer for downsampling on the test
data (subject 9) of the iSeg-2017 dataset. It observed from this table, as also mentioned in
[47], that using the convolutional layer for downsampling instead of the max-pooling layer
enhances the performance in deeper convolutional neural networks with a slight increase in
the number of parameters.
4.7 Summary
In this chapter, the experimental setup for testing the segmentation performance of the
proposed architecture on two different datasets containing MR scans of the brain tissues
of diverse age groups has been discussed. The experiments are performed and results
of the experiments including the segmentation performance of the proposed architecture
and a comparison with that of the existing methods of the brain tissue segmentation have
been presented in terms of the number of parameters and the evaluation metrics that are
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commonly used to measure performance of segmentation. It has been shown that the proposed
method outperforms all the state-of-the-art deep learning architectures used to segment brain
tissues in terms of the evaluation metric for all the brain tissue labels (WM, GM, and CSF)
independently using the least number of parameters for the test sets of both the IBSR18
and iSeg-2017 datasets. It has also been shown that the combined loss serves as the best
loss function for training the network. In the iSeg-2017 challenge, the proposed method has
shown overall a competitive performance with the least number of parameters and the best
performance in terms of one of the evaluation metrics among all the deep learning based
architectures in the literature.
Chapter 5
Conclusion and Future Work
5.1 Conclusion
In this thesis, a novel three-dimensional parameter-efficient deep convolutional neural net-
work based on dense and residual connections has been proposed for volumetric brain tissue
segmentation from MR images. Structural information obtained from the segmentation of
the brain tissues from magnetic resonance imaging (MRI) facilitates clinical research and
diagnosis not limited to disease identification, anatomical and functional study, abnormality
and disorder detection, and image-guided surgical interventions. MR image modalities such
as T1-weighted and T2-weighted scans provide various contrast information that can be
effectively utilized for tissue segmentation. However, segmentation of the brain tissues from
the MR images is challenging since the imaging modality suffers from intensity inhomo-
geneities and overlaps, low signal-to-noise ratio, and artifacts like partial volume effects.
Recently, deep-learning based methods, especially the algorithms employing convolutional
neural network architectures (CNNs), have been actively used for the segmentation of the
brain tissues from MR images. CNNs are capable of abstracting complex representations
at various levels that is well suited for image processing problems such as segmentation.
Different convolutional layers with various kernel sizes, pooling layers, and transpose convo-
lutional layers can capture finer local details to semantic contextual information from the
input data. CNNs used in the medical image processing including brain tissue segmentation
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have been innovated over the course of time to increase the representation capacity of the
network. For example, to capture the rich spatial information present in the volumetric scans
of different imaging modalities, 2D CNNs have been replaced by 3D CNNs. Similarly, the
numbers of layers in the CNNs have been increased for improved representation and kernel
size decreased to allow the design of deeper networks. Architectures like U-Net introduced
pooling and corresponding upsampling layers that have been placed symmetrically in be-
tween convolutional layers to effectively capture latent features at various scales, and the
skip-connections to allow effective information transfer from earlier part of the network
containing high-resolution local information to the latter part for segmentation. Furthermore,
the typically stacked convolutional layers have been replaced by convolutional layers with
dense and residual connections to improve information and gradient flow in the network
while addressing the issues such as degradation problem and vanishing or exploding gradient
problems. While attempting to the increase representation capacity of the network, there is
also a need to account for the computational expense and complex optimization required to
train and test the network. Factors such as number of layers, size of kernels in the layers, and
the connection between the layers that impact the number of parameters in the CNNs can
be efficiently selected or designed to make the network more robust. The proposed network
architecture has used dense and residual connections at various parts of the network with
step-wise contextualization and localization of abstracted features, and skip-connections
to facilitate effective information flow between the layers of the network for increased rep-
resentation and efficient parameter reduction. It has utilized small-sized kernels in a deep
CNN architecture with dense and residual connections reducing the number of parameters
significantly for volumetric segmentation of brain tissues into white matter, gray matter, and
cerebrospinal fluid. A sub-volume or patch-based approach has been used during training
and testing of the proposed network to reduce the memory requirement. Furthermore, the
network has been trained on three different loss functions, cross-entropy, dice similarity, and
a combination of the two, independently to find the best loss function for optimization. The
network architecture has been evaluated for single-modality and multi-modality brain tissue
segmentation using the datasets IBSR18 and iSeg-2017, respectively. Experimental results
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on the test set of both datasets have shown that the combined loss function yields superior
performance in terms of popular evaluation metrics used in segmentation. A comparison of
performance with the state-of-the-art methods in the test set of both datasets have shown
that the proposed method provides the best performance. In the MICCAI Grand Challenge
for 6-month infant brain MRI Segmentation, the proposed method has achieved competitive
results compared to the top-ranking published architectures while outperforming them in
some metrics. The proposed architecture has reduced the number of parameters significantly,
ranging from 47% to 98%, compared to the popularly used deep learning architectures
in single- and multi-modality volumetric brain tissue segmentation from MR images. In
conclusion, the proposed method is automatic, provides reliable segmentation accuracy, is
highly parameter-efficient, and can work in multi-modal settings. Thus, the proposed method
can be expected to play a significant role in real-time clinical diagnosis and research.
5.2 Future Work
This research has several possibilities of improvement for further study in the future. In
this thesis, the proposed network architecture was utilized for segmenting three labels of
tissues in the human brain from the MRI scans. The network can be extended to segment the
tissues into multiple labels such as various anatomical regions of the human body at once.
We have used three different loss functions, namely, cross-entropy loss, dice similarity loss
and a combination of the two for optimizing the network architecture. In the future, carefully
defined loss functions such as weighted loss functions can be used to train the network model
to address the data imbalance problem among the labels. Similarly, the network model can
be made more robust by employing deep supervision [74] for training.
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